Lniversitat
wien

DISSERTATION | DOCTORAL THESIS

Titel | Title

The Neuropharmacology of Social Motivation in Autism: Integrating Opioid-
Oxytocin Interactions, Naturalistic Eye Tracking and Computational Modeling

verfasst von | submitted by

Raimund BUhler BSc MSc

angestrebter akademischer Grad | in partial fulfilment of the requirements for the degree of

Doktor der Naturwissenschaften (Dr.rer.nat.)

Wien | Vienna, 2025

Studienkennzahl lt. Studienblatt | UA 796 605 298
Degree programme code as it appears on the
student record sheet:

Dissertationsgebiet It. Studienblatt | Field of ~ Psychologie
study as it appears on the student record

sheet:

Betreut von | Supervisor: Univ.-Prof. Giorgia Silani Privatdoz. PhD



TABLE OF CONTENTS

ACKNOWLEDGMENTS 3
GENERAL INTRODUCTION 4
1 PHARMACOLOGICAL MODULATION OF SOCIALATTENTION 8
THE OPIOID SYSTEM AND SOCIAL REWARD PROCESSING 8
THE OXYTOCIN SYSTEM AND ITS ROLE IN SOCIAL BONDING 10
INTERACTIONS BETWEEN OXYTOCIN, NALTREXONE, AND SOCIAL GAZE 11
SOCIAL STRESS, CORTISOL AND SOCIAL ATTENTION 12
2 EXPERIMENTAL APPROACHES TO SOCIALATTENTION IN ASD 13
EYE-TRACKING METHODOLOGY 13
FACE DETECTION ALGORITHMS 15
3 COMPUTATIONAL MODELS OF SOCIAL LEARNING IN ASD 16
PREDICTIVE PROCESSING AND BAYESIAN LEARNING 16
RESCORLA-WAGNER MODELS 19
CHAPTER 1 - SOCIAL ATTENTION IN THE WILD - FIXATIONS TO THE EYES AND AUTISTIC
TRAITS DURING A NATURALISTIC INTERACTION IN A HEALTHY SAMPLE 23
CHAPTER 2 - AUTISTIC TRAITS RELATE TO REDUCED REWARD SENSITIVITY IN LEARNING
FROM POINT-LIGHT DISPLAYS (PLD’S) 45
CHAPTER 3 - INTERACTIVE EFFECTS OF OXYTOCIN AND NALTREXONE ON SOCIAL GAZE
IN AUTISM: EVIDENCE FROM A NATURALISTIC EYE TRACKING STUDY 68
GENERAL DISCUSSION 104
1 SUMMARY OF THESIS GOALAND THEORETICAL FRAMEWORK 105
2 MAIN FINDINGS 105
3 THEORETICAL IMPLICATIONS AND SCIENTIFIC CONTRIBUTIONS 108
SOCIAL MOTIVATION HYPOTHESIS 108
PREDICTIVE CODING FRAMEWORK 108
OPIOID AND OXYTOCIN INTERACTIONS 108
METHODOLOGICAL INNOVATIONS 109
4 LIMITATIONS AND FUTURE DIRECTIONS 110
EYE TRACKING 110
LEARNING 111
PHARMACOLOGY AND PHYSIOLOGICAL MEASURES 112
5 CONCLUSION 113
6 REFERENCES 114
ANNEX 121

ABSTRACTS 122



ACKNOWLEDGMENTS

Pursuing a PhD has been among the most challenging experiences of my life and it was a bumpy road at
times. It made me recognize my limitations, but it also taught me the value of perseverance: to continue working
even when the outcome can feel flawed and to stay committed in the face of adversity, all the while taking care of
myself and those around me. Maintaining this balance is not always easy. What is much easier is to remember all
the wonderful people who accompanied me along the way and supported me in so many ways. It would not have
been possible without them. There are too many to name, I will do my best to give credit and I hope those not
mentioned will forgive me.

First and foremost, I want to thank Giorgia. You have been the most supportive and reliable supervisor I
could have wished for. Managing someone with high expectations can be a challenge, and you handled it with a
calm and steady assurance. Your resilience, optimism and ability to move forward without panic are qualities I
really admire. I have learned a great deal about leadership simply by being around you.

At the beginning, there were a few outstanding people who inspired me to even commit to a PhD and
helped me to transition from my master studies. Most of all, Claudia, who was always willing to listen to my many
questions and provided countless ways of guidance to the very end. Claudia, you have been an inspiration and a
pillar of support, and I hope our paths will cross again someday. Similarly, Ana, thank you for always being there
to answer my questions, and for all the balkan dance sessions. Seba and Emilio, both of you gave senior support
whenever needed and were such wonderful lab colleagues.

Over time, some people left and others joined our lab. I remember meeting Asena when giving a talk on
reinforcement learning and though the topic was quite challenging, you showed real engagement. You are an
incredibly intelligent person and it is always a pleasure to talk to you. Thank you too for initiating the pasta lunches
with me and for all the amazing Japan experiences. I will also fondly remember Yanick, who was one of the
kindest and warmest people I ever met and so supportive in managing the studies. Yanick, I wish you all the best
for your psychotherapy training. Also, thanks to all the others in the lab: Jakub, Alex, Kathi, Isa, Arya, Fiona, Ana
and all the others. All of you are such wonderful colleagues and an invaluable part of my PhD journey. I also want
to thank the people from SCAN unit for giving me shelter when I had no desk, you are just as much a part of my
lab family.

The studies presented in this thesis would not have been possible without the tireless work of master
students and technical support. Nina Sirec was the first to join my project and Libor Potocar went on to publish
the second chapter of this thesis with me. A special thanks goes to all the students who took on the logistical
challenge of running a four-session, within-subject pharmacological study: Ronja Lipp, who managed recruiting
and social media channels, Nina Zeilinger, Chiara Vollmerhausen, Mehmet Uzunoglu, Rudolph Brozmann, Felix
Puster and Felix Servus. Thank you all for your energy, patience, and dedication. The eye-tracking studies would
not have been possible without the technical support of Ulrich Ansorge and Daniel Gugerell. The system for
recruiting participants was set up with David Cserjan, who gave incredibly valuable input on how to implement a
recruitment system. I’m also very grateful to Nace Mikus and Lei Zhang for brainstorming and discussing
computational modeling approaches.

Lastly, I want to thank my parents and loving family, who provided a foundation of unconditional love
and support. My mother, with her endless curiosity for literature, music, and crafts instilled in me a desire to
understand and to create new things. My father remains a role model to me for his problem-solving skills, his
unceasing pragmatic energy and his loving nature. These qualities have set the stage for my education, which will
continue far beyond this thesis. And I want to thank Luise for going on this journey with me. I can barely express
in my own words how grateful I am to you for being by my side. I will therefore conclude with the words of
Daniel Johnston: True love will find you in the end.



GENERAL INTRODUCTION



During evolution, a diverse range of species has developed social behaviors that enable individuals to
cooperate, foster complex relationships and build social hierarchies. Rather than enhancing the fitness of a single
individual, social behaviors increase the fitness of the group as a whole, for example by facilitating access to
resources that would otherwise be unattainable or by distributing them in an efficient way. Sociality and
cooperation have therefore emerged as fundamental evolutionary strategies for survival. Accordingly, sociality is
deeply engrained in the central nervous system of humans and other social species, warranting a long-standing
scientific investigation into the neurobiological mechanisms that govern social behavior and how disruptions in
these mechanisms can affect it.

One prominent theory proposes that the tendency to engage in affiliative social interactions relies on the
same neural systems that drive other essential survival behaviors, most notably the reward system. This is known
as the common currency hypothesis (Levy & Glimcher, 2012), which suggests that social rewards engage the same
brain regions as other primary rewards, such as food and drink. Simply put, just as the reward system motivates
us to seek nourishment, it also motivates us to engage in social behavior (Panksepp, 1979). One system most
commonly implicated in the processing of primary rewards is the opioid system, which is thought to mediate the
hedonic or pleasurable aspects of rewards (Berridge et al., 2009). A powerful illustration of the force this system
exerts on behavior lies in opioid drugs, which can elicit intense feelings of pleasure but may also cause severe
addiction, demonstrating how alterations in the opioid system can effectively derail adaptive behavior.

The common currency hypothesis is not without opponents: A competing view, the social brain
perspective suggests that social stimuli are processed by dedicated neural systems and should be considered
distinct (Dunbar, 1998; Frith, 2007). For example, in recent years a lot of research has been dedicated to the
oxytocin system. Oxytocin, a peptide synthesized in the hypothalamus and released from the pituitary, was first
investigated for its hormonal role in childbirth and lactation (Kendrick et al., 2017). However, research in
monogamous prairie voles suggested broader effects in pair bonding (McGraw & Young, 2010) and later studies
in humans indicated that oxytocin also affects trust (Kosfeld et al., 2005). The oxytocin system therefore appears
to be a candidate for a largely dedicated neural substrate governing complex social behaviors (Kanat et al., 2014).
However, the debate regarding the specificity of neural mechanisms involved in social behavior is ongoing and
their separation in experimental research remains challenging.

Importantly, the opioid and oxytocin systems interact at the neural level, with opioids assumed to inhibit
oxytocin release (Bicknell & Leng, 1982). The interaction between these systems suggests that modulating one
may have cascading effects on the other, potentially influencing social behavior as well. While some research
conducted in animals has demonstrated interactive effects on social attention (Dal Monte et al., 2017), this
relationship remains largely unexplored in humans.

Furthermore, certain conditions are associated with social atypicalities, most notably autism spectrum
disorder (ASD). ASD is a heterogeneous neurodevelopmental condition characterized by deficits in social
communication and interaction, as well as restricted, repetitive behaviors and interests. Children with ASD often
struggle to spontaneously share experiences, interpret nonverbal social cues, and develop, maintain, or understand
social relationships (American Psychiatric Association, 2013). However, ASD is also associated with a set of
cognitive strengths (Joseph et al., 2002): Individuals with ASD often demonstrate a detail-oriented cognitive style,
an increased ability for pattern recognition and remarkable memory skills in areas aligned with their specialized

interests. These qualities may contribute to success in domains where they are advantageous, such as mathematics,



science, music and visual arts. Moreover, ASD is now recognized as a dimensional construct, with autistic traits
extending into the general population (Grzadzinski et al., 2013).

The underlying causes of social differences in ASD have been approached from various theoretical
angles: the social motivation hypothesis proposes that individuals with ASD process social rewards differently,
leading to a reduced motivation to engage in social interaction (Chevallier et al., 2012). According to this view,
the fundamental difference lies in a diminished valuation of social stimuli, resulting in fewer social learning
opportunities during development and, consequently, a lack of social skills later in life. However, a more general
variation of cognitive processes with downstream effects on social behavior is also plausible. For example,
according to the predictive coding account, ASD can be framed as a condition of learning, which in turn is strongly
affected by reward processing (Van de Cruys et al., 2014). By acting as reinforcers, rewards can adaptively shape
behavior, increasing the probability of obtaining them in the future. While this ties in closely with the motivational
aspect, the predictive processing account usually assumes domain-general learning differences in ASD, which
could potentially also explain symptoms in non-social domains, such as repetitive behavior or resistance to
change. Nevertheless, these theoretical perspectives are not mutually exclusive and represent only a small subset
of the broader etiological landscape in ASD.

In experimental research, social behavior has been measured in various ways, a prominent one being eye
tracking. During social interactions, eye contact is among the most crucial social signals, conveying engagement,
turn-taking and emotions. In visual experiments, social cues such as faces and eyes are highly salient, a
phenomenon studied in the field of social attention. In these studies, attention to the eye region is often found to
be reduced in ASD (Chita-Tegmark, 2016). However, due to technological restrictions, many studies have relied
on static stimuli, such as pictures of faces displayed on screens, which lack the complexities of real social
interactions (Chevallier et al., 2015). Recent advances in eye tracking and face detection via computer vision
algorithms now enable more naturalistic experiments and many researchers advocate for studies which better
approximate real social behavior (Schilbach et al., 2013).

While eye-tracking research provides valuable insights into social attention, it does not address whether
underlying cognitive mechanisms are driven by uniquely social or domain-general processes. A promising
approach to this problem is to frame social differences in ASD as emerging from atypical prediction and learning,
as proposed by predictive coding theories. Probabilistic models of behavior, often referred to as computational
models or reinforcement learning models, enable the estimation of latent parameters, offering precise insight into
which components of learning are affected. Comparing learning across social and non-social contexts makes it
possible to disentangle domain-specific from domain-general alterations in reward-based learning, thereby
offering a critical evaluation of the social motivation hypothesis.

In summary, interactive pharmacological experiments offer a promising approach to elucidate the
neurobiological systems that govern social behavior and how they may be altered in ASD. While extensive
research has focused on the isolated effects of opioids and oxytocin, their interactive effects are less explored in
humans. Furthermore, social attention has primarily been studied in screen-based experimental settings, with
studies in naturalistic contexts still rare. Moreover, it remains unresolved whether differences in social attention
reflect domain-specific mechanisms or broader alterations in learning and reward processing. The overarching

goal of this thesis is therefore to investigate how the opioid and oxytocin systems interact to shape social attention



in ASD within a naturalistic setting, and to apply computational modeling to explore underlying mechanisms of
social learning in autism.

In the following, I will provide a brief overview of the opioid and oxytocin systems and their interactions,
with a particular focus on their roles in social attention and learning. I will then review current methodological
approaches to studying social attention in ASD, comparing screen-based paradigms with more naturalistic designs
and highlighting the potential of mobile eye tracking and computer vision for capturing real-life social gaze
behavior. Lastly, I will briefly introduce the predictive coding framework, outline its connections to computational
models of reinforcement learning and discuss how such models can disentangle domain-specific from domain-
general learning differences in ASD. Together, these chapters establish the theoretical background and

methodological approach guiding the empirical work presented in this thesis.



1 Pharmacological Modulation of Social Attention

The Opioid System and Social Reward Processing
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Figure 1 — The Opioid System. A Key brain regions: the orbitofrontal cortex (OFC), striatum and nucleus accumbens (NAcc) are highlighted
for their roles in reward processing, while the ACC and insula are implicated in pain perception. The amygdala (AMY) is associated with the
processing of emotion, stress, and salience and the hypothalamus/pituitary (H/P) is shown due to its role in stress regulation and oxytocin-
opioid interactions. B Three major opioid receptor subtypes: mu (u), kappa (x), and delta (8), along with their corresponding ligands:
endorphins, dynorphins and enkephalins. Note that receptor functions are not exhaustive and may overlap. Naltrexone, an opioid antagonist,
preferentially blocks p-opioid receptors and to a lesser extent k- and d-receptors. Abbreviations: OFC, orbitofrontal cortex; NAcc, nucleus
accumbens; ACC, anterior cingulate cortex; AMY, amygdala; H/P, hypothalamus/pituitary. Created in BioRender.com

The endogenous opioid system is comprised of three main peptides: endorphins, dynorphins and
enkephalins. These peptides, composed of short chains of amino acids, act on three main opioid receptor subtypes:
mu (p), kappa (x), and delta (8), each of which is associated with distinct but overlapping functions (Waldhoer et
al., 2004). Opioids were first investigated for their role in pain and euphoria (Brownstein, 1993). However, beyond
its role in analgesia, the p-opioid system is also strongly implicated in social behavior, influencing pair bonding
(Burkett et al., 2011), social reward (Trezza et al., 2010), social pain (Eisenberger, 2012), pleasurable touch
(Ellingsen et al., 2016) and attention to faces (Chelnokova et al., 2014, 2016). The k-receptor, in contrast, is linked
to stress modulation and dysphoria (Bruchas et al., 2010; Knoll et al., 2011), while the 6- receptor has been
implicated in mood regulation, but also contributes to analgesia (Chu Sin Chung & Kieffer, 2013). However, it is
important to note that experimental separation of receptor functions is challenging, as pharmacological agents are

usually non-specific (Valentino & Volkow, 2018).



Opioid peptides and their receptors are expressed throughout the body, with the highest concentrations
in the central and peripheral nervous systems, but also in the gastrointestinal tract (Machin & Dunbar, 2011).
Within the central nervous system, specific opioidergic regions have been the focus of extensive research: the
orbitofrontal cortex (OFC) and striatum, particularly the nucleus accumbens (NAcc), are central to reward
processing, pleasure, and addiction (Berridge & Kringelbach, 2015). The anterior cingulate cortex (ACC) and
insula are implicated in pain perception (Eisenberger, 2012), while the amygdala plays a key role in salience
(Mahler & Berridge, 2009), and, along with the hypothalamus, pituitary and adrenal glands (HPA-axis), in stress
responses (Knoll et al., 2011). Notably, the hypothalamus is also an important site of opioid-oxytocin interactions
(Bicknell & Leng, 1982; Vandesande & Dierickx, 1975). Opioid agonists mimic the function of endogenous
opioids by activating opioid receptors, whereas antagonists, such as naltrexone, block receptor activity and
suppress endogenous opioid signaling with distinct profiles across receptor subtypes. For example, naltrexone
exhibits the highest affinity for the pi- receptor, with lower affinity for k- and lowest for 8-receptors (Trestheim et
al., 2022; see Figure 1B).

One of the earliest theories linking opioids to social behavior is the brain opioid theory of social
attachment (BOTSA) (Panksepp, 1979). This theory was originally based on findings in rodents, where social
isolation produced distress behaviors analogous to opioid withdrawal (Machin & Dunbar, 2011). Furthermore,
morphine administration reduced separation distress vocalizations in rodents, chicks, and monkeys (Kalin et al.,
1988), whereas opioid receptor blockade increased social seeking behavior (Fabre-Nys et al., 1982; Keverne et
al., 1989). Based on these and further observations, Panksepp proposed that endogenous opioids mediate the
rewarding aspects of social contact, and that social withdrawal or isolation results in an opioid-deficient state,
thereby motivating social seeking to restore opioid tone (Panksepp, 1979). Consequently, the theory suggested
that individuals with ASD might exhibit a permanently elevated opioid tone. This would in turn result in reduced
motivation to seek social interactions, which could potentially be mitigated by opioid antagonists such as
naltrexone. However, even in the early days, findings were not always consistent. For example, Martel et al., 1993
reported that naltrexone administration reduced maternal attachment and social grooming in rhesus monkeys,
contrary to BOTSA predictions.

Nevertheless, BOTSA continued to be an influential theoretical framework and later studies supported
the involvement of opioids in social attachment by demonstrating deficits reminiscent of ASD in p-receptor
knockout mice (Moles et al., 2004). In humans, positron emission tomography (PET) studies have shown that
social touch and social laughter increase p-opioid receptor activation in regions such as the striatum, insula, as
well as frontal and cingulate cortices (Manninen et al., 2017; Nummenmaa et al., 2016). Genetic studies in humans
also found that the OPRM1 A118G polymorphism, associated with increased p-opioid receptor sensitivity, is
related to stronger affiliative tendencies and heightened responses to social stimuli (Way et al., 2009). A growing
number of more recent behavioral studies have further demonstrated the involvement of the endogenous opioid
system in human social behavior across a diverse range of measures, including attention to the eye region
(Chelnokova et al., 2016; G. Laseth et al., 2024).

Despite the evidence in support of BOTSA predictions, trials of naltrexone in children with autism
spectrum disorder (ASD) have yielded mixed findings (for a review see Roy et al., 2015). While many studies
report that naltrexone reduced hyperactivity and irritability, only a subset of studies reported improvements in

social behaviors, such as increased eye contact and social initiation (Leboyer et al., 1992; P. G. Williams et al.,



2001). Therefore, current evidence remains insufficient to support the clinical use of naltrexone for addressing
social symptoms in ASD.

Taken together, there is considerable evidence supporting the involvement of the p-opioid system in
social behavior (G. Leseth et al., 2024; Putnam & Chang, 2022b). However, the precise underlying mechanism
remains unclear and evidence regarding the effects of opioid antagonists such as naltrexone is conflicting
(Manduca et al., 2021). Specifically, it is not fully understood whether naltrexone increases or reduces sociality,
with the effect likely dependent on context (Loseth et al., 2014; Pellissier et al., 2018). While in certain animal
studies naltrexone increases sociality in line with BOTSA predictions (Keverne et al., 1989), in others it can also
reduce it (Martel et al., 1993). In controlled laboratory settings with healthy human participants, naltrexone has
been found to reduce social attention (Chelnokova et al., 2016), whereas some studies in children with ASD
suggest increased eye contact (P. G. Williams et al., 2001). Some of these contradicting effects may be reconciled
by accounting for the fact that the opioid system does not act in isolation: opioids interact closely with other
neuromodulatory systems, particularly the oxytocin system (Bicknell et al., 1988; Bicknell & Leng, 1982; Shibuki
et al., 1988).

The Oxytocin System and Its Role in Social Bonding

Oxytocin is a nonapeptide consisting of nine amino acids linked by peptide bonds, acting both centrally as
a neuromodulator and peripherally as a hormone. When first synthesized, it was primarily known for eliciting
uterine contractions and stimulating milk ejection (du Vigneaud et al., 1954). It was therefore employed in the
clinical management of labor, a practice that remains standard today (Hermesch et al., 2024). Structurally,
oxytocin is similar to vasopressin, another peptide associated with homeostatic functions, primarily water balance
and thirst (Perisic et al., 2024). Both peptides are synthesized in the hypothalamus and transported to the pituitary,
from which they are released into systemic circulation and exert their hormonal effects (Perisic et al., 2024).
However, oxytocin also acts centrally as a neuromodulator, meaning rather than transmitting information itself, it
modulates other neural systems (Bakos et al., 2018; Grinevich & Neumann, 2021).

The first observations suggesting effects of oxytocin beyond lactation and birth were gained in prairie
voles, where a distinct pattern of oxytocin receptor density in certain brain regions was found for monogamous
voles compared to non-monogamous voles, suggesting effects of oxytocin in pair bonding (Insel & Shapiro, 1992;
Young & Wang, 2004). Further research in this species demonstrated that oxytocin also facilitates the formation
of partner preferences by acting on receptors in the nucleus accumbens (Liu & Wang, 2003; J. R. Williams et al.,
1994) and mitigates the behavioral consequences of social isolation, reducing depressive-like symptoms following
separation from a bonded partner (Grippo et al., 2009).

In non-human primates, oxytocin enhances attention to socially salient cues, such as the eyes of
conspecifics (Dal Monte et al., 2017). It also reduces social vigilance and attenuates attention to negative
expressions, thereby promoting social approach (Ebitz et al., 2013; Parr et al., 2013). Lastly, it exerts effects on
learning, amplifying vicarious reinforcement, meaning it increases learning from others’ outcomes (Chang et al.,
2012).

In humans, seminal evidence for oxytocin’s role in social behavior came from a neuroeconomic study
showing that intranasal oxytocin increases interpersonal trust in an economic game, marking a shift toward
investigating oxytocin as a modulator of human social cognition (Kosfeld et al., 2005). Around the same time,

oxytocin was shown to reduce amygdala responses to threatening stimuli (Kirsch et al., 2005), supporting a
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potential anxiolytic effect. These early findings in humans catalyzed a surge of interest in oxytocin’s social effects,
including enhanced recognition of emotional faces (Di Simplicio et al., 2009), increased empathic accuracy (Bartz
et al., 2010), and modulation of social memory (Rimmele et al., 2009).

More recent research highlights oxytocin’s role in social attention: intranasal administration increases gaze
to the eye region of faces (Auyeung et al., 2015; Guastella et al., 2008), enhances salience of social stimuli as
captured by pupil dilation (Prehn et al., 2013), and modulates neural responses in the amygdala and insula to
emotional cues (Striepens et al., 2012). In the domain of learning and reward-processing, oxytocin enhances
reinforcement learning from social feedback (Hu et al., 2015; Hurlemann et al., 2010) and increases activity in
reward-related areas during affective touch and face viewing (Scheele et al., 2013, 2014).

These findings have prompted growing interest in the therapeutic potential of oxytocin for
neurodevelopmental conditions such as ASD. Early genetic studies identified reduced plasma oxytocin levels in
autistic children (Modahl et al., 1998) and linked variation in the oxytocin receptor gene (OXTR) to social-
communicative impairments and ASD risk (S. G. Gregory et al., 2009; LoParo & Waldman, 2015). Building on
this foundation, initial behavioral studies demonstrated that intranasal oxytocin increased gaze to the eye region,
improved emotion recognition, and enhanced social learning in individuals with ASD (Andari et al., 2010;
Guastella et al., 2010). Although clinical trials have since reported mixed efficacy, some studies have shown
improvements in social responsiveness and reductions in repetitive behaviors (Parker et al., 2017; Watanabe et al.,
2015; Yatawara et al., 2016).

Despite promising initial findings, the field has since entered a period of critical reevaluation: Several
larger-scale randomized controlled trials have failed to replicate earlier effects of intranasal oxytocin and meta-
analyses generally have found limited evidence for a reliable effect on social functioning in ASD (Guastella et al.,
2015; Ooi et al., 2016). As with naltrexone, the evidence does not yet support clinical use of oxytocin in ASD
treatment (Guastella & Hickie, 2016). Nevertheless, the involvement of oxytocin in social processes can be
regarded as well-established and, mirroring opioid research, mixed findings can potentially be attributed to
contextual factors, prompting research into systems that may interact with oxytocin (Alvares et al., 2017; Putnam

& Chang, 2022c; Quintana, 2018; Quintana et al., 2021).
Interactions Between Oxytocin, Naltrexone, and Social Gaze

A major impulse to consider oxytocin’s interactions with other neural systems arose from the work of Steve
Chang and colleagues, which emphasized interactions with opioids, but also with other neurotransmitters such as
dopamine, serotonin and endocannabinoids (Putnam & Chang, 2022b, 2022c). Some of the first evidence for
interactive effects on the cellular level came from a series of experiments by Bicknell, who demonstrated that
naloxone administration significantly increased electrically stimulated release of oxytocin from the pituitary
(Bicknell & Leng, 1982). Subsequent single-cell recordings revealed that naloxone increased the firing rates of
oxytocin-releasing, but not vasopressin-releasing neurons (Bicknell et al., 1988), while morphine inhibited them
(Brown et al., 2000). A corresponding pattern was found for morphine withdrawal, which selectively increased
firing rates of oxytocin neurons (Brown et al., 2000), supporting the notion that endogenous opioids exert an
inhibitory effect on oxytocin-releasing neurons.
Few studies have so far examined these interactive effects at the behavioral level (Putnam & Chang,
2022b). Seminal evidence came from an experiment conducted in macaque monkeys, which demonstrated

increased fixations to the eye region of conspecifics after administration of both naloxone and oxytocin (Dal
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Monte et al., 2017). These effects were strongest following socially salient events such as mutual eye contact or
shared reward and were supported by genetic evidence of p- and k-opioid receptor gene colocalization with
oxytocin receptor genes. More recently, a pharmacological study in mice demonstrated that systemic naloxone
and central p-opioid receptor blockade enhanced the anxiolytic-like effects of oxytocin, whereas k-opioid receptor
blockade attenuated them (Nisbett et al., 2024). In summary, these findings suggest that opioid antagonism may
amplify oxytocin’s social effects by removing endogenous opioid-mediated inhibition, potentially involving the

k-opioid system as well as the p-opioid system.
Social Stress, Cortisol and Social Attention

While oxytocin and opioids exert well-established effects on social behavior, it is important consider the
role of stress, particularly social stress, as a critical factor in the interplay between the opioid system and oxytocin
(Beery & Kaufer, 2015; Sandi & Haller, 2015). Social stress responses are mediated by the hypothalamic-
pituitary-adrenal (HPA) axis and its downstream release of cortisol (Kudielka et al., 2007). The k-opioid system
plays an important role in regulating stress responses (Knoll & Carlezon, 2010), with antagonism of k-receptors
leading to pro-social effects in animal models. For example, k-opioid antagonism increases social play in rats
(Vanderschuren et al., 1995) and reduces stress responses following social defeat (McLaughlin et al., 2006). In
humans, increased social attention following naltrexone administration may be related to the inhibition of k-opioid
receptors (Wardle et al., 2016). Naltrexone and oxytocin exert opposing effects on cortisol: While naltrexone is
known to activate the hypothalamic-pituitary-adrenal (HPA) axis, eliciting a cortisol response (King, 2002),
oxytocin has been associated with stress-buffering effects, inhibiting cortisol release particularly in socially
supportive contexts (Heinrichs et al., 2003). These opposing effects make it difficult to predict their combined
effect on cortisol release.

However, in regards to social attention, cortisol responses to acute social stress have been directly linked
to gaze behavior: In a virtual adaptation of the Trier Social Stress Test (TSST), individuals with a robust cortisol
response (cortisol responders) exhibited less gaze fixation on socially relevant stimuli compared to non-responders
(Vatheuer et al., 2021). In this context, reduced social gaze was significantly associated with an increased cortisol
response, suggesting that stress-induced cortisol release may promote gaze avoidance. These findings are
consistent with the broader literature indicating that stress and social anxiety contribute to gaze aversion as a
coping strategy, a pattern that may also be relevant for ASD (N. J. Gregory et al., 2019). These findings implicate

the HPA axis, stress responses and k-opioid receptors as critical components in the modulation of social gaze.

12



2 Experimental Approaches to Social Attention in ASD

Due to its evolutionary importance, socially relevant information, such as facial expressions or the eye
region of others, is highly salient, meaning it is prioritized during perception and sensory processing (Emery,
2000). This phenomenon, referred to as social attention, is associated with a distinct neural signature involving
regions such as the amygdala (Nummenmaa & Calder, 2009). While the construct is generally considered
multimodal, it is often operationalized in the visual domain using eye tracking (Valtakari et al., 2021). The most
common measure is the allocation of attention to faces, particularly the eye region. Furthermore, even though
social attention is considered a general mechanism of social cognition, it has mostly been studied in clinical
contexts, especially in ASD and social anxiety disorder (SAD) (Chevallier et al., 2015; Giinther et al., 2021).
Across studies, individuals with ASD reliably show reduced fixations to the eye region. For example, in a meta-
analysis Frazier et al., 2017 demonstrated that reduced gaze to eyes is one of the most consistent behavioral
markers of ASD, showing moderate to large effect sizes across paradigms. Similarly, Chita-Tegmark, 2016
demonstrated that individuals with ASD show decreased attention to social stimuli across a range of task types.
However, these findings are closely tied to the methodology of eye tracking, which has a long and evolving history.
Understanding how social gaze is measured and how different experimental setups may influence observed effects

is essential for gaining a complete picture of social attention differences in ASD.
Eye-Tracking Methodology

The investigation of eye movements dates back over at least a century with early experiments beginning
in the field of psychophysics (Wade & Tatler, 2005). Today, eye-tracking experiments can be conducted in a variety
of ways, depending on the research question and constraints of the study design (Nystrom et al., 2025).
Experimental setups typically fall into one of two categories: screen-based, which include head-restricted systems
that stabilize the participant’s head using a chin or forehead rest, and head-boxed systems that allow limited head
movement within a defined tracking area; and mobile, head-free setups using head-worn eye trackers or eye
tracking glasses (see Figure 2A). Notably, the majority of findings reporting reduced attention to social stimuli in
ASD have been derived from screen-based paradigms, which, while well controlled and precise, lack ecological
validity and fail to capture the complexities of real-world social interactions (Freeth et al., 2013; Risko et al.,
2016) Furthermore, even within screen-based settings, social gaze in individuals with ASD varies depending on
the nature of stimuli: dynamic, interactive scenes can differentiate individuals with ASD from typically developing
participants, whereas static or non-interactive stimuli often fail to do so (Chevallier et al., 2015).

Over the past two decades, miniaturization of computers and cameras have enabled head-worn eye
tracking glasses, which allow studying eye gaze in naturalistic environments. An early example of a study
employing head-worn eye trackers was conducted by Land et al., 1999, who investigated eye movements during
natural daily activities such as tea- and sandwich-making. In the context of ASD research, one study of particular
relevance used eye-tracking glasses to compare gaze behavior across three social contexts: watching a video,

interacting in a video-call and interacting in a face-to-face conversation (Cafiigueral et al., 2021).
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Figure 2 — Overview of Eye Tracking Setups and Face Detection Methods. A Three common eye tracking setups: two screen-based (head-
restricted and head-boxed) and one mobile, head-free setup using head-worn eye tracking glasses. Adapted from Nystrom et al., 2025 B Frame
from an early head-mounted setup used in Land et al., 1999 in a naturalistic eye-tracking study. C Pupil Labs Core headset (2014 version),
equipped with an infrared eye camera and a front-facing world camera. D Illustration of the Viola-Jones face detection method, using Haar-
like features: small rectangular masks capturing edge, line, and center-surround differences. The lower panel demonstrates the application of
these features to a face. E Schematic of a convolutional neural network (CNN) architecture, illustrating convolutional layers and kernel. The
bottom panel shows a bounding box and extracted facial landmarks (eyes, nose, corners of mouth) returned by a MTCNN (Multi-task Cascaded

Convolutional Neural Network). Licensing and attribution details are provided in the footnote.

Results showed that gaze patterns of autistic and control groups did not differ: both groups modulated
eye gaze and facial expressions similarly across conditions, looking less at their interaction partner and producing
more facial expressions in the face-to-face conversation. Another study used eye tracking glasses during
structured, face-to-face interviews with neurotypical participants varying in autistic traits (Vabalas & Freeth,
2016). While there was no relationship between autistic traits and the total duration of gaze to the partner or their
face, individuals with higher autistic traits produced fewer and shorter saccades, indicating reduced visual
exploration. These findings underscore that group differences in social gaze may depend to a large extent on
experimental settings, with more naturalistic studies needed to elucidate social gaze dynamics in real-life
situations (Schilbach, 2015).

The lack of such studies can potentially be attributed to additional challenges introduced by face-to-face
interactions with head-worn eye trackers. This is primarily because areas of interest (AOIs), such as the face or
mouth, are not static, but move in the participants visual field due to head and body movement of both the
participant and the interaction partner. Researchers can deal with this problem in a number of ways: One approach
involves simplifying the interaction, for instance via a video-call setup where the conversational partner remains
fixed within a screen-based frame (e.g. Auyeung et al., 2015). Alternatively, AOIs can be manually coded frame-
by-frame (e.g. Vabalas & Freeth, 2016), though this approach is time-consuming and effortful. More recently,
advances in computer vision have enabled the automatic detection of faces and facial landmarks using face

detection algorithms.

A~ Figure adapted from Nystrom et al. (2025) under the terms of the Creative Commons Attribution 4.0 License i i 0/). Text size was increased. Original source: Nystrom, M., Holmavist, K., & Hooge, I. (2025). The
fundamentals of eye tracking part 3: How to choose an eye tracker for your research. Journal of Eye Movement Research, 18(1). 14
B - Figure reprinted from Land, M., Mennie, N., & Rusted, J. (1999). The roles of vision and eye movements in the control of activities of daily living. Perception, 28(11), 1311-1328. Copyright © 1999 by Pion Ltd. Reprinted by permission of SAGE Publications.

A. (2014). Pupil: An Open Source Platform for Pervasive Eye Tracking and Mobile Gaze-based Interaction. Proceedings of the 2014 ACM International Joint Conference on Pervasive and Ubiquitous Computing:
14 Authors. Published by ACM. Used with permission. Permission obtained via Copyright Clearance Center.

C - Figure reprinted from Kassner, M., Patera, W., & Bulling,
Adjunct Publication (UbiComp *14 Adjunct), 1151-116
D, upper ~ Figure adapted from Wikimedia Commons, created by Indif. Licensed under Creative Commons Attribution-ShareAlike 3.0 Unported (CC BY-SA 3.0). Available at: hitps://commons.wikimedia,org/wiki/2curid=11536955
D, lower  Figure by Greg Borenstein, licensed under Creative Commons Attribution-NonCommercial-ShareAlike 2.0 Generic (CC BY-NC-SA 2.0). Source: https://www. 54914

E, upper — Figure adapted from Wikimedia Commons, created by Cecbur Licensed under Creative Commons Attribution-ShareAlike 4.0 International (CC BY-SA 4.0). Available at: htps: /commons wikimedia.org/wiki/2curid=76640335

E, lower - © 2016 IEEE. Reprinted, with permission, from Zhang, K., Zhang, Z., Li, Z.. & Qiao, Y. (2016). Joint face detection and alignment using multitask cascaded convolutional networks. IEEE Signal Processing Letters, 23(10), 1499-1503.




Face Detection Algorithms

An early and influential face detection algorithm is the Haar Cascade, introduced by Viola & Jones, 2001.
The method relies on a set of Haar-like features (named after Hungarian mathematician Alfréd Haar) which consist
of simple rectangular patterns designed to capture intensity contrasts in the image (see Figure 2). These features
function much like edge detectors, quantifying the difference in summed pixel values between adjacent regions,
such as the contrast between the eyes and cheeks, or the bridge of the nose and surrounding areas. This approach
was used in some naturalistic studies of social attention in ASD (Noris et al., 2012). The authors used a multi-
view Haar cascade system to analyze video from head-mounted cameras and found that children with autism
spectrum disorder (ASD) spent significantly less time fixating on faces in naturalistic, free-play interactions
compared to typically developing controls.

Algorithms like Haar cascades laid the groundwork for face-detection, but they were often less applicable
for real-life scenarios, as they struggled with variations in lighting, pose and occlusion. With the advent of neural
networks in the last decade, face detection has been dramatically improved using multi-task cascaded
convolutional neural networks (MTCNNs) (Zhang et al., 2016). These are deep-learning approaches based on
artificial neural networks with many layers sequentially arranged in a “deep” structure. Each layer in the network
transforms the input data into increasingly abstract representations. In convolutional neural networks (CNNs) each
layer performs a mathematical operation called a convolution: it applies a small, trainable filter (or kernel) of a
specific size across the input image to detect specific local patterns, such as edges. Early layers might only detect
simple features like contours, while deeper layers combine these to recognize more complex structures, like facial
features or entire faces. Through this hierarchical processing, CNNs learn to localize faces and facial landmarks,
which can then be used as areas of interest in studies of social attention.

In MTCNNS, neural networks are organized in a cascade, meaning that each stage progressively refines
the output of the previous one. First, a potential face and its facial regions are proposed, then refined by a separate
network and lastly, the final bounding boxes and facial landmarks are returned by the output network (Zhang et
al., 2016). When trained on diverse datasets, this greatly enhances the accuracy and performance even in
challenging, real-world conditions. The potential of using neural networks for automatic AOI detection in the
context of social attention research is exemplified by a study, which directly compared AOIs generated via
automatic face detection and manual coding. This study used the OpenPose model, a convolutional neural network
for full-body pose estimation (Jongerius et al., 2021). While not a dedicated face detection model, OpenPose can
detect facial landmarks such as eyes and nose (Cao et al., 2021). Results indicated very satisfactory interrater
reliability of 0.85 to 0.98 and a normalized difference between methods of less than 2%, highlighting the emerging

potential of face detection algorithms to advance studies of social attention.
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3 Computational Models of Social Learning in ASD

Eye tracking provides valuable insights into where individuals with ASD direct their gaze, but not why
they look there. As such, it captures the behavioral surface of social interaction without revealing the underlying
cognitive mechanisms which give rise to social differences. For example, individuals with ASD may fixate on
different locations during interactions because of how they interpret, predict, or value social information. To
explore these underlying mechanisms, we can make use of computational models of learning, which formalize
how individuals update beliefs and assign value in response to social and non-social feedback.

Computational models are ultimately rooted in the behaviorist tradition, which conceptualizes learning
as a process by which individuals adapt their behavior in response to experience. In cognitive neuroscience and
psychology, learning is often understood as a process of updating internal models, mental representations of how
the world works, based on feedback from the environment. Computational models of learning make this process
explicit: they mathematically describe how incoming information interacts with prior expectations to shape future
behavior. By quantifying learning dynamics, such as how quickly beliefs are updated or how strongly outcomes
are weighted, these models offer a framework for understanding individual differences in perception, cognition
and action.

Although ASD is considered primarily a social condition, theoretical accounts that frame it as a learning
condition argue that while it manifests in social contexts, the underlying cognitive differences are not necessarily
confined to the social domain. Domain-general accounts, such as the influential predictive coding perspective,
suggest widespread differences in how individuals with ASD update beliefs and process uncertainty. In contrast,
domain-specific perspectives, sometimes linked to the social motivation hypothesis, focus on learning
impairments that are restricted to social contexts (Ewbank et al., 2017; Kinard et al., 2020; von der Liihe et al.,
2016). In both frameworks, applying computational models of learning offers a powerful tool for uncovering the

specific cognitive processes which may be altered in ASD.
Predictive Processing and Bayesian Learning

The mathematical foundation for current computational models of learning was developed within the
predictive coding account (Lawson et al., 2014; Mathys et al., 2011; Pellicano & Burr, 2012). This framework
builds on the principles of Bayesian learning and proposes that the brain functions essentially as a prediction
machine: it continuously generates expectations about incoming sensory inputs and updates internal models to
minimize the mismatch between predictions and outcomes, so-called prediction errors. At the heart of this
framework lies Bayes theorem, a foundational law in probability theory that, if interpreted as a mechanism for
learning in probabilistic environments, formalizes how beliefs are updated based on new evidence while taking

into account prior expectations.

_ likelihood prior
posTer (evidence | belief) - p(belief) )
p(belief | evidence ) = P -
p(evidence)
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Figure 3 — Bayesian Learning in predictive coding and its alteration in neuropsychiatric conditions. A Bayesian belief updating involves
combining a prior belief (gray) with new evidence (orange likelihood), resulting in a posterior distribution (blue) that shifts the belief towards
the observed data. B Trial-by-trial simulation of Bayesian learning in a probabilistic coin-flipping task (true probability = 0.8). The model
prediction (posterior mean; blue) gradually converges toward the true underlying probability (gray dashed line) as observations (orange dots)
accumulate. A red arrow illustrates the prediction error, the difference between expected and observed outcome, on the first trial. C In typical
inference, perceptual beliefs are formed by combining prior expectations (red) and sensory input (blue) in a precision-weighted manner,
resulting in an inferred estimate (purple). D In ASD, the precision of sensory input is sometimes assumed to be abnormally high, leading to
an over-reliance on immediate evidence and unstable perceptual beliefs. E Psychotic conditions such as schizophrenia may involve
exaggerated precision of prior beliefs, which can dominate inference and result in perceptual experiences despite contradictory or absent
sensory evidence. Panels C—E adapted from Yon & Frith, 2021. Precision and the Bayesian brain. Current Biology, 31(17), R1017-R1034, ©

2021 Elsevier, with permission.

This principle is illustrated in Figure 3A, which visualizes how Bayesian learning combines prior beliefs
with incoming evidence to form an updated belief, or posterior. In this process, the prior represents the learner’s
initial expectation, what is believed to be true before new data is observed. The likelihood reflects the sensory
evidence, which may either confirm or challenge the prior belief. The resulting posterior represents the updated
belief, integrating both sources of information. When prior and likelihood are in disagreement, the posterior shifts
in the direction of the likelihood, weighted by their relative certainty or precision. The more precise (i.e., narrow)
the prior or the likelihood, the more strongly it pulls the posterior toward itself. The denominator in Bayes’
theorem, p(evidence), serves as a normalizing constant that ensures the posterior forms a proper probability
distribution. While it is mathematically necessary for normalization, it plays no role in determining the shape of
the posterior and is therefore often omitted in learning algorithms focused on proportional updates.

To make a concrete example, imagine learning about a biased coin with an 80% chance of landing on
heads. Suppose a learner starts with no strong expectation about the outcome of the coin toss, an uninformative
prior centered at 0.5, reflecting the belief that heads and tails are equally likely. Although the most appropriate
distribution for modeling uncertainty about binary probabilities is the Beta distribution, here we approximate the
learner’s prior belief with a Gaussian distribution centered at 0.5 for illustration purposes.

p~N(u=0502) )
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The learner’s prediction for a trial i, corresponds to the expected value E, which in the case of a Gaussian
is equivalent to the mean u of this distribution:
A = E[p] 3)
This prediction is then updated in light of new information. Suppose in the first trial, the coin lands on
heads. At this point, we experience a critical element of the predictive coding framework: the prediction error §.
This captures the misalignment of our initial estimations and the outcome we observe. Mathematically, it is the
difference between the outcome 7 and our prior expectation fi;.
8 =1 — i “4)
We then update our expectation based on the prediction error. However, in bayesian frameworks this
update is weighted by a precision weight o, which reflects how much confidence we place in the new observation
relative to our prior belief.
Her = fe + ¢ - 6 (5)
Precision is defined as the inverse of the variance, and in this context it applies to both components: the
sensory input (i.e., the outcome of the coin toss) and the internal model (i.e., the prior belief about the probability
of heads). When our prior is uncertain (i.e., has high variance), the prediction error exerts a stronger influence on
the update. Conversely, if our prior belief is highly precise (has low variance), it dominates the update. The
effective weight is thus determined by the relative precision of observation and belief. The following equations

formalize the weighting of variances & and precisions 7 in this context.

1
ay =

Tl s ©)

5. Osensory

prior

1

Ty =—= 7Tprior += (7)
at 7Tsensory

As the learner becomes familiar with the coin more often landing on heads, the prediction gradually shifts
towards a higher probability of seeing heads (see Figure 3B). With each additional observation, the posterior
distribution becomes more concentrated around the true underlying probability of 0.8, as the precision of the belief
increases with accumulated evidence. However, the rate of belief updating and the stability of these beliefs can
vary across individuals. A central feature of the predictive coding framework, particularly when applied to
neurodevelopmental or psychiatric disorders, is the interplay between prior and sensory precision. Some
individuals may rely heavily on sensory input, while others may overweight prior beliefs. The former is sometimes
associated with ASD, the latter with schizophrenia and related psychotic disorders (Yon & Frith, 2021).

In ASD, the hypothesis derived from predictive coding suggests that sensory precision may be
abnormally high, resulting in suboptimal learning and difficulties in extracting stable inferences from the
environment. When incoming information is weighted too strongly, even minor deviations can cause
disproportionate belief updates, resulting in sensory overload and an inability to stabilize predictions over time.
This could potentially explain the detail-oriented cognitive style, resistance to change and social symptoms in
ASD, as social environments are inherently complex and require flexible adaptation of expectations. In essence,
posterior estimates remain overly close to sensory input, impeding the ability to make adaptive inferences about
the environment (see Figure 3D). In contrast, psychotic disorders such as schizophrenia may be characterized by

an overweighting of prior beliefs to the extent that they dominate perception. In extreme cases, this can result in
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hallucinations: perceptual experiences which persist despite the absence of sensory evidence (see Figure 3E). The
important insight for ASD is that the critical difference according to the predictive coding account may lie in the
precision weighting of prediction errors, where sensory experience may be overweighted compared to prior

beliefs. This imbalance has been described as the “weak priors” hypothesis.
Rescorla-Wagner models

As pointed out by Mathys et al., 2011 and Vossel et al., 2014, the belief updating equation used in
predictive coding models shares structural similarities with the classic Rescorla—Wagner reinforcement learning

model (Rescorla & Wagner, 1972).

Het1 = He + a ) 8¢ 8
0 o o ®)
prediction at t+1 prior prediction learning rate  prediction error

The most important parameter of the Rescorla-Wagner model is the learning rate, which incorporates
both sensory and prior precision and is equivalent to the precision weight in predictive coding. The main difference
between Rescorla-Wagner reinforcement learning and Bayesian predictive coding frameworks lies in the nature
of the learning rate: in Rescorla-Wagner models, the learning rate is typically treated as a fixed parameter specific
to each individual, whereas in predictive coding, it is dynamic, adapting to trial-wise estimates of uncertainty.
More recent accounts of predictive coding in ASD move beyond simple differences in learning rates and propose
hierarchical frameworks of learning which take into account changes in the environment or volatility (i.e. the
Hierarchical Gaussian Filter (HGF), Mathys et al., 2011). These accounts often suggest that differences in ASD
may lie not necessarily in learning rates, but rather in estimating the volatility of the environment (Lawson et al.,
2017). Nevertheless, even within fixed-rate models, differences in the weighting of sensory versus prior
information would reflect in the learning rate: In the context of ASD, weak priors (reduced confidence in prior
beliefs) would result in Aigher learning rates, leading to faster adaptation to incoming sensory input.

A variation of Rescorla-Wagner models, which is particularly relevant in the context of social motivation
and reward processing introduces another parameter at the level of the prediction error: reward sensitivity p (Huys
et al., 2013). This parameter has been employed in research on mood disorders to capture the subjective impact
of rewards during learning. Conceptually, it scales the influence of the received reward on belief updating,
allowing for individual differences in how reward signals drive learning.

8¢ = pry — Q¢ )

This distinction seems particularly relevant in the debate on domain-specific vs domain-general learning
differences, as the motivational value assigned to social vs. non-social stimuli can be inferred from the reward
sensitivity parameter. Although reward sensitivity and learning rate both modulate the update of predictions, they
are theoretically separable (Huys et al., 2013). Specifically, reward sensitivity influences the asymptote, the level
to which the expected reward probability converges, while the learning rate determines how quickly this
asymptote is reached. In the context of social vs. non-social reward processing, a blunted response to social
rewards would manifest in reduced reward sensitivity, but specifically for social contexts. Importantly, this
alteration can occur independently of learning rate differences.

It is important to note that some studies have also challenged the notion that predictive processing in
ASD can be characterized by increased learning rates. For example, Lieder et al., 2019 proposed that individuals
with ASD exhibit a “slow-updating” profile, reflecting reduced weighting of recent experience. In support of this

view, Vishne et al., 2021 found that individuals with ASD showed impaired sensorimotor synchronization in a
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paced finger-tapping task. A second experiment with tempo-switching further revealed that individuals with ASD
were slower to adapt to changes in external rhythm, confirming a reduced rate of updating in dynamic
environments. The authors interpret these findings as consistent with a slow-updating hypothesis, in which recent
sensory information is underweighted. These results suggest that, while the predictive processing framework
offers a compelling theoretical account, the empirical evidence remains mixed, with the operationalization of
predictive coding varying considerably across studies (for a review see Cannon et al., 2021).

Importantly, learning differences in ASD may arise at early stages of sensory processing (Cannon et al.,
2021). Consequently, stimulus complexity and low-level visual features are important variables to control for in
experimental designs aimed at isolating social learning mechanisms. Point-light displays (PLDs) offer a promising
approach in this context. By depicting motion through dot markers placed at key anatomical points, PLDs retain
dynamic social information while eliminating confounding visual features like texture or color. PLDs have been
extensively used to study biological motion perception, often through full-body displays (for a review see Pavlova,
2012). In this context, processing biological motion has sometimes been found to be impaired in ASD, particularly
when emotional or socially relevant content is involved. Deficits manifest in both the perceptual discrimination
of human motion from scrambled stimuli (Blake et al., 2003) and in the spontaneous interpretation of emotions
conveyed by body movements (Hubert et al., 2007). Beyond bodily motion, PLDs have also been used to examine
facial expressions. For example, Keating et al., 2022 employed dynamic facial PLDs to investigate emotion
recognition, and found that autistic participants were less accurate in identifying anger. These results highlight the

potential of facial PLDs to examine social learning while minimizing confounding visual features.
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4 Thesis Outline

Building on existing research on the neurobiology of social behavior and its alterations in ASD, this
thesis aimed to investigate the mechanisms underlying social attention and social learning across three empirical
studies. I applied a multi-method approach combining eye tracking, computational modeling, and
psychopharmacology to examine the biological underpinnings and domain-specificity of social differences in
ASD. The overarching goal was to understand how social differences in ASD arise and how they may be affected
by interacting neurochemical systems. Specifically, this thesis addresses three gaps in the existing literature. First,
while social attention has traditionally been investigated using highly controlled, screen-based paradigms, it
remains unclear whether these findings generalize to real-world interactions. Second, the mechanisms underlying
reduced social attention in ASD remain debated, particularly with respect to whether they reflect a domain-specific
deficit in social motivation or a broader alteration in learning dynamics. Third, although the opioid and oxytocin
systems have independently been implicated in modulating social behavior, their interactive effects have scarcely
been explored in human studies.

In Chapter 1, I explored how naturalistic social attention relates to autistic traits in the general
population. Using eye tracking glasses and automated face detection via multi-task convolutional neural networks
(MTCNNS), participants’ gaze behavior was recorded during a semi-structured face-to-face conversation. I
hypothesized that higher autistic traits would be associated with reduced fixations to the eye region. This chapter
establishes the methodological feasibility of combining naturalistic paradigms with automated gaze analysis and
serves as a proof of concept for the experimental approach used in subsequent studies.

In Chapter 2, I examined the specificity of social learning differences in ASD by applying computational
reinforcement learning models to social and non-social learning contexts. Participants learned reward
contingencies from either social (facial point-light displays) or non-social (abstract point-light displays) stimuli,
and their behavior was modeled using a Rescorla-Wagner learning framework. Parameters for learning rate and
reward sensitivity were extracted to assess whether autistic traits are associated with general learning differences
or a specific reduction in the value assigned to social stimuli. This chapter addresses ongoing debates about
domain-specific versus domain-general learning mechanisms in ASD.

In Chapter 3, I investigated the effects of pharmacological modulation on social gaze behavior in a
naturalistic setting. In a double-blind, placebo-controlled, within-subject design, participants with and without
ASD received oxytocin, naltrexone, both drugs combined, or placebo across four sessions. Eye-tracking data was
collected during a face-to-face conversation, and saliva samples were taken to assess cortisol responses. In line
with animal research, I hypothesized that both naltrexone and oxytocin would increase social gaze, with their
combined administration producing a stronger effect than either drug alone. This chapter integrates behavioral,
pharmacological, and physiological measures to explore the pharmacological modulation of social attention and
its effect in ASD.

Together, these three chapters investigate the mechanisms of social attention and learning in ASD across
multiple levels, combining naturalistic behavior, computational modeling, and pharmacology. The findings
address ongoing debates surrounding social motivation, predictive coding, and neurobiological theories in ASD,

and highlight the potential of real-world paradigms for advancing social neuroscience.
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Abstract

Attention to social stimuli is a key component of social behavior and facilitates the development of
fundamental social skills. Studies investigating social attention in neurotypical or neurodiverse populations have
often relied on screen-based experiments using static images or videos, which lack the sensory richness and
reciprocity present in real-life social interactions. This can possibly be attributed to the challenges one encounters
when creating naturalistic experiments, such as dealing with dynamically moving areas of interest (AOI’s), which
require either time-intensive manual coding or restraining of participants. Here, we present findings from a
paradigm using unrestrained mobile eye-tracking and a face detection algorithm (MTCNN) to measure fixation
rates during a semi-structured, face-to-face interview. Data from N = 62 healthy adult participants was analyzed
for gaze behavior and related to participants’ autistic traits. We observed a significant negative correlation between
fixation rates on the eye region averaged over the entire interaction and scores on the autism spectrum quotient
(AQ) (r = -0.14), indicating participants with high autistic traits were fixating less on the eye region. We also
compared different types of interview questions (open vs. closed) to explore whether the reduction in fixation
rates was more pronounced for specific time intervals during the interview. Lastly, we discuss both possibilities

for extensions as well as limitations of the presented paradigm that could serve as inspiration for future research.
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1 Introduction

At almost every moment of our life, we are surrounded by an overwhelming amount of information.
Selectively attending to only the most relevant stimuli is vital for adaptive functioning and well-being. Social
stimuli, such as faces, voices or bodily movements, carried a particular importance for human behavior during
evolution! and are often preferentially attended to by typically developing individuals?. This bias towards social
stimuli, present from early infancy onwards, facilitates social interaction and the acquisition of social skills across
development’#,

In autism spectrum disorder (ASD), an overall reduction in attention to social stimuli has been observed?,
with the largest effect sizes found for the eye region®. This effect is present across children®, adolescents’ and
adults®. Excess gaze to mouth has also sometimes been reported in children® and adults’, however this failed to
replicate in a number of later studies!®. Presumed aberrations in visual social attention seem to generalize to the
broader autism phenotype, operationalized by autistic trait questionnaires such as the autism spectrum quotient
(AQ)'"15, the social skills subscale of the AQ'®, the Social Responsiveness Scale (SRS)!'7 or when examining
parents of ASD individuals'®.

Notably, to investigate mechanisms of social attention, researchers have predominantly relied on screen-
based experiments'’. In these settings, static or dynamic stimuli are displayed, such as pictures of faces or videos
of social scenes?*?2, This has resulted in a wealth of knowledge about specific mechanisms of social attention

2425 and inferring mental states from the eye region of others?.

such as gaze cueing?, emotion recognition
Additionally, a bias for the eyes has been observed across a range of stimuli, i.e. pictures of faces?’, complex social
scenes?®, and dynamic videos of social interactions?.

However, several researchers have questioned the generalizability of findings generated in such settings

to real-life social situations3%3!

, pointing out important differences in results gained from screen-based and
naturalistic experiments!'®2!2°, Importantly, self-reported difficulties and clinical assessments of eye contact occur
during real, face-to-face social interactions*>33. This has led to calls for more experiments to investigate social

attention “in the wild3!**3, involving the actual presence of another person'?!6

, with the possibility to study the
temporal and reciprocal nature of social interactions.
One major challenge in creating naturalistic experiments are dynamically moving areas of interest

(AOTI’s), which require time-consuming manual coding procedures!!-*

or restraining of participants. Some
researchers have therefore opted to reduce the complexity of the interaction, i.e. by creating a video-call setup, to
ensure static AOI’s across the duration of the experiment!*’. Others have implemented computer vision
algorithms to automate the detection of faces and facial landmarks®®34!. Early studies have used comparatively
simple face detection algorithms*!, however more sophisticated approaches involving convolutional neural
networks (CNN’s) trained for face detection are emerging?®, with promising results when compared to manual
coding procedures3®3°.

Still, the implementation of computer vision algorithms remains challenging and most studies in
naturalistic settings continue to use manual coding of AOI’s*. The goal of this study was therefore to investigate
the feasibility of using face detection algorithms in naturalistic experiments and to explore the effects of autistic
traits on gaze behavior using unrestrained mobile eye tracking and computer vision assisted coding of AOI’s. We
also aimed to explore characteristics of gaze behavior over the timecourse of the interaction, specifically in

response to different types of questions asked during a semi-structured interview>”42,
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2 Materials and methods

2.1 Participants

All participants gave written informed consent before participation. Experimental procedures were
carried out in accordance with the Declaration of Helsinki and experimental protocols were approved by the ethics
committee of the Medical University of Vienna (EK-1393/2017). Informed consent for the publication of
identifiable images in an online open-access format was obtained from depicted members of the research team
(Figure 1).

The total recruited sample consisted of N = 74 participants. 13 participants were psychology students,
who received course credit for participation. 61 participants were not studying psychology and were recruited via
another channel. These participants received 10€ for compensation. The sample size was based on an a priori
power analyses using G*Power, assuming a medium effect size of r = 0.3 and a power of B = 0.8. This resulted in
an estimated sample size of 64 participants, however we decided to include slightly more participants, to account
for potential missing data.

Inclusion criteria comprised an age of 18-65 years, fluency in English and absence of psychiatric or
neurological disorders including drug and alcohol addiction or abuse. Participants were screened for these criteria
via single items on a self-report questionnaire. To control for potential differences in gaze behavior based on the
sex of the interaction partner, only heterosexual participants were included and all participants were interviewed
by an experimenter of the same sex.

Eye-tracking data for five participants was erroneously not recorded and therefore not available for
analysis. Five participants were tested but did not fulfill inclusion criteria and were excluded from analysis (3 due
to non-heterosexual orientation, 1 due to a history of alcohol abuse and 1 due to regular drug use). Two participants
were excluded due to missing data on the prescreening questionnaire. The final sample entering analysis consisted

of N = 62 participants (33 females, 29 males), 19-63 years of age (M = 26.39, SD = 6.84) (see Table S1).

2.2 Procedure

After completing the prescreening questionnaire, participants were invited to a lab appointment. First,
participants gave informed consent and were instructed about the experimental procedure. Next, the eye-tracking
headset was put on and calibration was performed using the single-marker calibration choreography. Instructions
and calibration lasted approximately 10 minutes, after which the eye tracking recording was started with a button
press. Timepoints for interview questions were created by pressing buttons with the respective question label. An
additional computer-based task was administered during the course of the experiment related to another research
question. The order of tasks was counterbalanced to avoid sequence effects. Thus, the beginning of the interview
was not constant across participants, but either 10 or 40 minutes after the start of the experiment. After all interview
questions had been asked, the recording was terminated with a button press. Average interview duration over all
participants was M = 7.03 min, SD =4.16 min.

When both tasks had been completed, participants were given the AQ* in its shortened version, translated
to German and abbreviated to 33 items with most discriminatory power*. The AQ is a self-report measure
designed to screen for autistic traits in the general population. In this study, it was used as a proxy measure of the

broader autism phenotype. Mean of AQ was M =9.34, SD = 4.82 with a range of 1-25 and four participants scoring
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above the threshold of 17 points* (see Table S1). Additionally, participants were asked to rate how sympathetic
the experimenter was perceived (attractiveness). Attractiveness and gender were used as covariates in the main

analysis, in order to control for the confounding effect of these variables.

2.3 Eye-Tracking Interview

A semi-structured interview using a set of 12 questions was conducted during the eye tracking recording.
Participant and experimenter were sitting at a table facing each other at a distance of 1m. The participant was
wearing an eye-tracking headset described below in more detail. Due to pandemic restrictions, a fully opaque
plastic screen was placed between participant and experimenter.

Difficulties in eye contact in ASD and the broader autism phenotype are reported to occur during

33,45

everyday social interactions’>*. Likewise, diagnostic assessment of eye contact is largely based on short

t32 21,37,46

interactions between clinician and patient’*. Thus, similar to previous studies , we created a set of questions

meant to resemble everyday conversation such as: “Did you sleep well last night?” or “Did you see a movie last

week?”. As indicated by findings of reduced eye contact during social interactions®>*3

, we expected to observe a
reduction of fixations to the eyes for individuals high in autistic traits.

However, we were also interested in whether this effect would be more or less pronounced for certain
types of questions. To investigate this, we included both open and closed questions. The interview started out with
a number of closed questions (Question 1-6, e.g. “Did you sleep well last night?”), to which participants could
answer with a simple “yes” or “no” and continued with a set of open questions, which required a more elaborate
answer and possibly more social engagement (Question 7-12, e.g. “What was the most interesting thing that
happened to you in the last week?”’). We hypothesized that open questions would show a stronger effect of autistic
traits on fixations to the eyes compared to closed questions.

Question markers were created using the annotation feature of the pupil labs capture software by pressing

a set of keys corresponding to the respective question number. The list of interview questions can be found in the

supplementary material and on this papers OSF repository (https://osf.io/y9t5q/).

2.4 Eye-Tracking Equipment

Eye-tracking data was collected using the Pupil Labs Core eye-tracking platform (consisting of a
wearable eye-tracking headset and open-source recording and analysis software)*’. The manufacturer reports the
headset to achieve 0.6° visual angle (VA) accuracy under ideal conditions (defined as the angular offset between
estimated fixation and corresponding fixation target location). The headset consists of two pupil cameras for gaze
estimation and one world camera on the forehead of the participant, recording the participants’ field of view.

Eye movements were recorded with 120 Hz sampling frequency. Pupil locations were estimated using
the “dark pupil” detection method, which first identifies dark parts and contrasting edges of a converted-to-
grayscale image to which an ellipse is fitted*’*®. We used the 3D pupil detection method, based on a 3D model of
the eyes, due to its ability to compensate for movement of the head and slippage of the headset. To further improve
data quality, we instructed participants to avoid large movements of the head. To calibrate the headset, we used
the single marker calibration choreography with a printed physical marker. The marker was held up in front of the
experimenter’s face during calibration to ensure appropriate accuracy for this depth level. Mean accuracy over all
recordings was M = 1.70° VA, SD = 0.59° VA. At a distance of 1m, this corresponds to an area of 2.96 cm, roughly

the diameter of a large coin (i.e. a 2€ coin).
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As the experimenter moved during the interview, his face was not a constant size in the participant’s
visual field. We used the following formula to calculate the degrees of visual angle of the face in the participant’s

field of view:

Object size (1)
v =2 -arctan | ———
: (:2 . ]]i:-i'[fll}f't".)

Assuming the face to be approximately 20cm in height and 10cm in width, the face took up a = 11.42°
VA vertically and o = 5.72° VA horizontally at 1m distance. In the world camera (1280x720 resolution), the face

took up approximately 150 pixels vertically and 90 pixels horizontally.

2.5 Data Preprocessing and Face Detection

Fixations were extracted from gaze data using the built-in fixation detector plugin of the pupil labs
software. Maximum dispersion was set to 1.5° with a minimum duration of 80 ms and a maximum duration of
220 ms. Blinks (short drops of confidence in pupil detection) were removed using the built-in blink detector
plugin. Furthermore, all detected fixations below a threshold of 0.8 confidence were filtered during a separate
preprocessing step.

We analyzed the location of fixations on the participant’s field of view frame by frame using openCV
(cv2 package) and the facenet-pytorch package in python®. This package uses a multi-task convolutional neural
network (MTCNN) to detect faces in a given image and takes inspiration from David Sandberg’s TensorFlow
implementation of the FaceNet face recognition model>*3!. It also includes face detection models pretrained on
the VGGFace2 and CASIA-Webface datasets>>>*. The code to analyze recordings has been published as a GitHub-
Repository and is linked to this papers OSF-page (https://osf.io/y9t5q/) or can be accessed on GitHub directly

(https://github.com/raimund-buehler/face_detection_small).

Each frame of the world video was first analyzed by the face detection algorithm, yielding the location
of the experimenter’s face as well as the position of facial landmarks, such as eyes and corners of the mouth.
Ellipses were automatically fitted to the face, eyes, and mouth (see Figure 1). The ellipse for the face was fitted
using the center, width and height values of the bounding box of the face returned by the face detection algorithm
(Figure 1, in yellow). For eyes and mouth (Figure 1, in red and blue), the midpoint between left and right eye or
left and right corner of the mouth was computed and used as center for the ellipse. The width value of the facial
bounding box was used to fit the ellipse while the height value was scaled down by a factor of 0.3. For eyes and
mouth, ellipses were also angled according to the angle formed by the left and right eye or corners of the mouth.
Thus, ellipses for eyes and mouth automatically adjusted to the position and size of the experimenter’s face in the
participant’s visual field.

Lastly, if a fixation for a frame was present, it was tested whether it fell onto one of the ellipses (with all
ellipses being mutually exclusive). Fixations for each region were then counted and averaged over different time
intervals (e.g. total interview duration or question duration), leading to a measure of average fixation rate in Hz
(fixations / second) on the respective region during that time interval. This measure served as the dependent

variable for further analysis.
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Fig. 1 — a Exemplary output frames of the ellipses fitted to the face and facial regions of the experimenter using cv2 and the facenet-pytorch
package. The face and facial landmarks are accurately detected in a range of conditions, for example when looking to the side, in
frontal view, when the face is partially occluded or when looking down. b Scatterplots for fixation rates on each AOI, averaged
over the entire interview. Every data point represents a participant, slightly jittered for improved visibility. Regression lines are
depicted as coloured lines and confidence intervals in shaded colors. Fixation rates were square-root transformed to account for
non-normality of residuals in linear models. Summary statistics for untransformed fixation rates can be found in the supplementary
material.

2.6 Statistical Analysis

The main analyses for this study were preregistered on OSF (https://osf.io/tgcqm). We fit a linear model
with fixation rate as dependent variable, an interaction of AOI and AQ as independent variables and gender and
perceived attractiveness of the experimenter (Attr.) as covariates. AQ and AOI were defined as interactive effects
in order to investigate the effect of AQ at each level of AOI, i.e. specifically for the eye or mouth region. Due to
non-normality of residuals (see supplementary results), we used a square root transformation for the dependent
variable, as described before for similar eye-tracking data®*. This transformation was also preregistered.

A number of additional exploratory analyses were conducted, which were not part of the preregistration:
First, we investigated the fixation rates on eyes and mouth over the timecourse of the interaction by creating
longitudinal plots for each participant. Second, we looked at differences in fixation rates to the eyes when averaged
within questions. Lastly, we compared sensitivity to autistic traits for open vs. closed questions by fitting a linear
mixed model with AQ and question type (open vs. closed) as fixed effects, including an interaction term between
AQ and question type as well as random intercepts by subject.

For fitting linear models, we used the base /m() command in R. For mixed models, the /mer() command

of the ImerTest-package®> was used. The anova() command was used to obtain F-tests for main effects and
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interactions. Significant interactions were further investigated in a simple slope analysis using the emmeans-
package®®. Plots were created using ggplot’’ and the interactions-package’®.

Model assumptions were investigated using plots of residuals versus fitted values, conditional boxplots
within levels of AOI, and qqPlots (see supplementary results). Importantly, for a model without transformation of
the dependent variable, histograms and qqPlots indicated a significant deviation of the residuals from a normal
distribution, confirming the necessity of a square-root transformation for robust results.

We have also created a synthetic version of our dataset using the synthpop-package in R. This dataset is
a scrambled and anonymized version of the original dataset, which preserves the most important summary

aspects®. The dataset is freely available on the OSF repository (https://osf.io/y9t5q/) along with a summary of the

R code used for plotting, analysis, and model diagnostics. Although the synthetic dataset does not fully capture

the results presented here, it permits researchers to reproduce the most important aspects of our analysis.

3 Results

3.1 Main Analysis

Fitting the model described above yielded the following results: the main effect of AOI was significant,
F(3, 238) = 17.37, p < .001, suggesting overall differences in the mean amount spent fixating on the different
AOIs. Averaged over the entire interview, participants mostly fixated on the eyes (M = 1.15 fix/s, SD = 0.74) and
the background (M = 1.14 fix/s, SD = 0.47) and less on the mouth (M = 0.67 fix/s, SD = 0.65) or the rest of the
face (M = 0.63 fix/s, SD = 0.29) (see Table S2). Post-hoc contrasts revealed that significantly more fixations fell
on the eye and background region, when compared to the mouth and the rest of face (all p < 0.001). However,
there were no significant differences between eyes and background or between the mouth and rest of face (all p >
0.05). AQ was not significant as a main effect (F(1, 238) = 0.001, p = .97), but the interaction of AOI x AQ was
significant, F(3, 238) = 2.81, p = .04. This suggests the effect of AQ to be dependent on AOI.

Post-hoc analyses of the interaction revealed it to be driven by a negative effect of AQ for fixations to
the eye region (See Figure 2). In a simple slope analysis, this effect was significantly different from zero (¢ = -
2.17, p = .031). Converting the t-value of the simple slope analysis to a partial correlation coefficient resulted in
an effect size of » = — 0.14. Submitting this effect size to a post-hoc power analysis revealed an actual power of S
=0.58.

The simple slope analysis also showed that the effect of AQ did not differ significantly from zero for any
other AOI (all p > 0.05). The main effects of gender (F(1, 238) = 1.70, p = .19) and attractiveness (F(1, 238) =
0.06, p = .81) were not significant. Comprehensive results of these analyses in table format can be found in the

supplementary material (S3 and S4)
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Figure 2 - Longitudinal plots of fixation rates (binned over 1s intervals) for two exemplary participants with low AQ (5 points) and high AQ
(17 points). Questions are color coded with vertical lines representing question onset. The high AQ participant is fixating more on
the mouth region over the entire interview, whereas the low AQ participant is fixating mostly on the eyes.

3.2 Exploratory Analyses

We conducted several additional exploratory analyses to investigate the timecourse of gaze behavior
during the interview. First, we created longitudinal plots for each participant, depicting dynamic fixation rate
changes over time and during question intervals. Exemplary plots for two participants with low and high AQ-
Score are included in this paper (see Figure 3). As apparent, the high AQ participant fixated mostly on the mouth
and less on the eyes over the entire interaction. Conversely, the low AQ participant fixated mostly on the eyes and
less on the mouth.

Additionally, we were interested in whether the association of autistic traits and fixation rates to the eyes
was a constant effect over the entire interview, or whether it was particularly pronounced for certain parts of the
interaction and/or for specific questions (open vs. closed questions).

First, to explore overall differences between questions, we computed the average fixation rate to the eyes
for each question and fit a linear mixed model with question number as a main effect and random intercepts by
subject. As can be seen in Figure 4, most fixations to the eyes were made during question 4 (“Have you been out
of the country in the past week?”) and least for question 9 (“What was the most interesting thing that happened to
you in the past week?”). Question 4 (a closed question), differed significantly from question 9, 10 and 11 (open

questions, all p <0.0001), with less fixations to the eyes made for open questions.
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Figure 3 - Average fixation rates within questions for fixations to eyes only. Questions are color coded. Means and standard errors are depicted
in red, significant differences are marked with stars (p < 0.0001). Fixation rates were square-root transformed to account for non-
normality of residuals in linear models.

Lastly, we were also interested in whether open vs. closed questions were differently sensitive to autistic
traits. Figure 5 depicts the average fixation rate to the eyes by AQ Score for each question separately. We fit a
linear mixed model with question type (open vs. closed) and AQ as main effects, as well as an interaction of
question type by AQ and random intercepts by subject (Table S5). As in the model above, the main effect of
question type was significant, F(1, 653.67) = 6.41, p = 0.01, suggesting differences in the average fixation rate
on the eyes between open and closed questions with less fixations to the eyes made for open questions. AQ was
not a significant main effect in this model, F(1, 60.62) = 2.12, p = 0.15. Furthermore, the interaction between AQ
and question type was not significant F(1, 658.22) = 0.51, p = 0.48, indicating that open or closed questions were
not differentially sensitive to the effect of autistic traits. Thus, while an effect of autistic traits was present when
averaging fixation rates over the entire interaction, this was not related to any specific event during the interview,

but rather acted as a general effect in this experiment.
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Figure S - Fixation rates to the eyes by AQ Score for each question. Question 1 to 6 are closed questions, Question 7 to 12 are open questions.
Regression lines are depicted in red. Fixation rates were square-root transformed to account for non-normality of residuals in linear

models.
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4 Discussion

In light of the need for experiments investigating social attention “in the wild”3!3435, the goal of this
study was to explore the use of face detection algorithms in a naturalistic experiment, to investigate the effects of
autistic traits and to examine the timecourse of gaze behavior over a face-to-face interaction. Using the MTCNN
face detection algorithm, we observed a significant negative relationship of AQ on the average fixation rate to the
eye region over the entire interview. The effect of autistic traits was not significant for any of the other AOIs.
Thus, contrary to some screen-based experiments’, we did not observe a significant increase in fixations to the
mouth for high AQ participants. Some open questions elicited less fixations to the eyes compared to closed
questions, potentially because they required a more elaborate response and participants would fixate more on the
background while deliberating their reply. However, open questions were not more sensitive towards autistic traits
compared to closed questions, as indicated by a non-significant interaction of AQ and question type. Thus, in this
study, the reduction of fixations to the eyes was a constant effect over the entire interaction and was not related to
the onset of a particular type of question. Generally, the reduction of fixations to the eyes for high AQ participants

25,1060 and studies in naturalistic

observed in our study is in line with findings gained in screen-based settings
environments, using non-mobile eye tracking or different approaches to AOI coding'+3*4°. However, our results
are in contrast to some studies, which found effects in screen-based, but not in live interaction conditions, for
ASD?*! or autistic traits'*. This can likely be attributed to differences in task design and experimental procedure,
but more research is needed to determine the precise circumstances in which effects of ASD or autistic traits can
be observed.

ASD and other disorders of social behavior are inherently marked by deficits in social interactions in the
real world®>3%_ It is therefore important to study these behaviors in situations in which they actually occur,
involving the presence of another person and including the complexity and richness of real social interactions.
Furthermore, one of the major advantages of naturalistic over screen-based experiments is the possibility to study
temporal and reciprocal aspects of social attention in everyday interactions. Here, we investigated the timecourse
of gaze behavior by plotting fixation rates on AOI’s over time and by modelling fixation rates within interview
questions. In our study, fixation rates for participants with high AQ were not particularly affected by specific
question types but rather reduced over the entire interaction. However, longitudinal analyses of gaze behavior
could be expanded to capture interactive aspects more fully, i.e. in response to episodes of speech or the display
of emotional expressions by the experimenter.

Emotion recognition algorithms would be a relatively straightforward addition to the face detection
algorithm and would allow to automatically classify time intervals when emotional expressions are displayed
(smiles, frowns etc.). Episodes of speech could be decoded from an audio signal of the recording®?, although
speaker detection is still a challenging aspect. Temporal profiles of gaze behavior, for instance via growth-curve
modeling®, could provide a fruitful statistical approach for longitudinal analysis of gaze behavior. Other studies
have also used generalized additive mixed models (GAMM’s) to study the temporal distribution of fixations on
facial regions®. Growth-curve modeling or GAMM’s could be used to model the timecourse of gaze behavior in
the first seconds after the onset of emotional expressions or speech and investigate whether gaze behavior in these
critical time periods differs for ASD or high AQ individuals.

Taken together, our results demonstrate how the utilization of mobile eye-tracking in combination with

face detection algorithms offer a promising venue for research in social attention. In light of differences between
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findings gained in screen-based settings and naturalistic interactions®, with some results not generalizing to
naturalistic interactions*®®!, developing paradigms that involve realistic social interactions is necessary to generate
findings that extend beyond lab settings®. Adopting technological advances in face detection algorithms can aid
in removing barriers towards such an approach.

Some limitations of the experiment also need to be taken into account. First, our sample did not include
participants with an ASD diagnosis, but consisted of a sample of healthy individuals. We used scores on the AQ
to capture the broader autism phenotype in the general population. We believe that we have achieved an
appropriate range in AQ scores with some participants scoring above the threshold indicative of ASD. Still, results
may differ compared to individuals with an ASD diagnosis. Additionally, the study was not at ideal power level
(B = 0.58), as some participants due to exclusion criteria, missing data on questionnaires or missing eye tracking
data. However, we believe power and sample size adequate and comparable to other studies in the field.

Furthermore, as participants tend to move their head during conversation (i.e. when nodding) slippage of
the headset is to be expected and deteriorates the accuracy of gaze estimation. We have tried to tackle this problem
by using the 3D-estimation method, which is able to compensate for movement and headset slippage. We also
instructed participants not to move their head too much. Instances of movement should primarily influence the
confidence of gaze estimation and relatedly the confidence of fixation detections. Fixations below a certain
confidence level were removed during preprocessing. Thus, any potential impact of movement would likely
manifest as a general reduction in fixation rates across all AOIs. Given that our findings show an effect of autistic
traits specifically for the eye region but not for other AOIs, it is unlikely that movement confounded this result.
Furthermore, no significant main effect of AQ was found on overall fixation rates. Nevertheless, the effect of head
movement on data quality is important and future studies should address this point more exhaustively.

Third, and relatedly, the size of ellipses fitted to the face, eyes, and mouth was based on the height and
width of the facial bounding box returned by the face detection algorithm. Furthermore, while ellipses adjust to
changes in the experimenter's head pose, they did not adjust in size. AOI size affects the classification of fixations
on AOI’s: We used comparatively large AOI’s, which compensate for false negative classifications in situations
of low accuracy, but at the cost of increasing false positives®’. Choosing smaller AOI’s may have resulted in less
fixations classified as falling on the eyes and mouth and more fixations falling on the rest of the face and
background, which potentially could have influenced results.

Lastly, the presence of an eye-tracking headset and explicit behavioral instructions may impact the
realism of the social situation and, therefore, influence gaze behavior*®%. The tradeoff between the invasiveness
of the method and the realism of the experimental setup has been described in previous research®. While our setup
allows for natural interaction, the eye-tracking headset remains noticeable to the participant. More recent
approaches, such as appearance-based gaze estimation using OpenFace, which estimate gaze direction based on
facial features and head-poses in video recordings, offer promising less invasive alternatives’®. However, they
currently lack the precision of dedicated eye-tracking hardware. Future developments may improve the accuracy
of these approaches, offering more ecologically valid methods without compromising data quality.

Despite these limitations, we are confident that the paradigm presented here is sensitive towards
interindividual differences in autistic traits and captures important aspects of social attention in face-to-face
interactions. Future research may investigate the timecourse of gaze behavior more comprehensively in a

longitudinal way and uncover characteristics of gaze in response to certain events during the interaction, i.e. the
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display of emotions. We encourage researchers to use or adapt our face detection code or experimental design to

achieve these goals.
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Supplementary Material

Supplementary Tables
Table S1. Participant characteristics
Variable Mean (SD) Range
Age 26.39 (6.84) 19.00-63.00
AQ Score 9.34 (4.82) 1.00-25.00
Attract. Rating 5.57 (0.76) 4.00-7.00
Level N (%)
IGender IMale ' 29 (46.8)I
Female 33(53.2)
Vision Not Impaired 43 (69.4)
Glasses 19 (30.6)
English Level Cl-C2 45 (72.6)
Bl-B2 14 (22.6)
Native Speaker 3(4.8)
Table S2. Summary statistics for the average fixation rate on the four AOI’s over all participants
AOI Mean SD Range
Eyes 1.15 0.74 0.01 -3.39
Mouth 0.67 0.65 0.01 - 3.00
Face 0.63 0.29 0.12-1.33
Background 1.14 0.47 0.20 - 2.25
Table S3. F-tests (ANOVA) for the linear model (LM) fitted to the average fixation rate
Predictors Df Sum Sq Mean Sq F p
AQ 1 0.0001 0.0001 0.001 0.97
AOI 3 4.94 1.65 17.37 <0.001
Gender 1 0.16 0.16 1.70 0.19
Attractiveness 1 0.01 0.01 0.06 0.81
AQ:AOI 3 0.80 0.27 2.81 0.04
Residuals 238 22.56 0.09 NA

Note. AQ: Autism Spectrum Quotient, AOL: Area of Interest, Attr.: Attractiveness of Interviewer. Significant p

values are marked in bold.
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Table S4 — Simple slope analysis for the effect of AQ at different levels of AOI

AOI AQ Slope SE DF LCL UCL t p

Eyes -0.018 0.01 238.00 -0.034 -0.002 -2.17 0.031
Mouth 0.014 0.01 238.00 -0.003 0.030 1.65 0.100
Face -0.003 0.01 238.00 -0.019 0.013 -0.39 0.700
Background 0.007 0.01 238.00 -0.009 0.024 0.90 0.368

Table S5 - F-tests (ANOVA) for the linear mixed model (LMM) fitted to the average fixation rate within
questions. DenDF values were approximated using Satterthwaite’s Method.

Sum Sq Mean Sq NumDF DenDF F value p
AQ 0.17 0.17 1.00 60.62 2.12 0.15
Question Type 0.52 0.52 1.00 653.67 6.41 0.01
AQ:Question Type 0.04 0.04 1.00 657.22 0.51 0.48
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Supplementary Methods

Oral instructions for participants:

“We are now going to have a short conversation. Please make yourself comfortable, so you will be able to sit in
the same position for the next few minutes. Please try to avoid large movements of your head, small movements
like nodding are ok. I will ask you a couple of questions and later on, you will have the opportunity to ask me
some questions as well. The idea is to have as relaxed and natural a conversation as possible. If you are ready, I
will now start with the first question.”

1. Did you sleep well last night?

2. Did you dream about anything?

3. Have you eaten at a restaurant in the past week?

4. Have you been out of the country in the past week?

5. Have you read any book in the past week?

6. What was the last movie or TV show that you watched?

7. Could you tell me about some things that you did last weekend?
8. Can you tell me about your plans for the next weekend?

9. What was the most interesting thing that happened to you in the past week?

10. When you woke up this morning, were you looking forward to participating in this
experiment or was it more of an obligation for you?

11. Could you tell me a little bit about your journey to the lab?

12. Do you have any questions for me?
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Supplementary Results
Model Diagnostics

Model assumptions for the preregistered model (using a square-root transformation of the dependent
variable) were checked in the following way: Linearity was verified using plots of residuals versus fitted values

which was judged to appear sufficiently random and, thus, indicated no deviation from linearity (see Figure S1).

Residuals vs Fitted

1.0

0.5

Residuals
0.0

06 07 08 09 10 11
Fitted values

Figure S1 — Residuals versus fitted values for the preregistered linear mixed model described in Section 2.6. Points are clustered as a horizontal
band around the zero line. Deviations from linearity would appear as “curved” shapes. Heteroscedasticity could be recognized by points
clustering closer to zero for low versus high fitted values (a funnel shape along the x-axis).

Homoscedasticity (homogeneity of variances) was investigated using conditional boxplots (see Figure
S2) and a number of homogeneity tests. Variances appear unequal for the different AOIs in boxplots. Levene’s,
Brown-Forsythe and Kruskal-Wallis tests confirm this assumption (all ps <.001). However, the ratio of largest
to smallest variance over AOI levels was 6.70, which is in the range of the recommended cutoff for unequal
variances across groups®.

Normality of residuals was investigated using qqPlots, histograms and the Shapiro-Wilk test (W =
0.99, p = .12), all of which indicated no deviation from normal distribution (Figure S3). Importantly, when
fitting a model without transformation of the dependent variable, both qqPlots and the Shapiro-Wilk test (W =
0.93, p <.0001) indicated a significant deviation from normal distribution, corroborating the need of a square-

root transformation to account for positive skew.
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Figure S2 — Conditional boxplots for the variance of residuals in each level of area of interest (AOI). Variances appear
slightly unequal for the different levels.
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Figure S3 — QQPlots and histograms of the residuals using a square-transformation of the dependent variable (a and b) and
the untransformed model (¢ and d). Residuals deviate from the reference line for the untransformed model (¢) and show
positive skew in the histogram (d), corroborating the need for a square-root transformation.
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Abstract

A number of studies have linked autistic traits to difficulties in learning from social (vs. non-social)
stimuli. However, these stimuli are often difficult to match on low-level visual properties, which is especially
important given the impact of autistic traits on sensory processing. Additionally, studies often fail to account for
dissociable aspects of the learning process in the specification of model parameters (learning rates and reward
sensitivity). Here, we investigate whether learning deficits in individuals with high autistic traits exhibit deficits
when learning from facial point-light displays (PLDs) depicting emotional expressions. Social and non-social
stimuli were created from random arrangements of the same number of point-lights and carefully matched on low-
level visual properties. Neurotypical participants (N = 63) were assessed using the Autism Spectrum Quotient
(AQ) and completed a total of 96 trials in a reinforcement learning task. Although linear multilevel modeling did
not indicate learning deficits, preregistered computational modeling using a Rescorla-Wagner framework revealed
that higher autistic traits were associated with reduced reward sensitivity in the win domain, demonstrating an
attenuated response to received feedback during learning. These findings suggest that autistic traits can

significantly impact learning from PLD feedback beyond a general deficit in learning rates.

46



1 Introduction

Autism spectrum disorder (ASD) represents a wide range of neuro-developmental conditions
characterized by deficits in social communication and interaction and repetitive or restricted patterns of behaviors,
interests, or activities. In line with the notion of universally accepted heterogeneity of autism (Jeste & Geschwind,
2014; Mottron & Bzdok, 2020), the Diagnostic and Statistical Manual of mental disorders V (DSM-V) currently
adopts a dimensional approach to ASD (American Psychiatric Association, 2013), highlighting that ASD
represents a spectrum extending into the general population.

While several theories have been put forward to explain ASD symptoms, and relatedly autistic traits in
the general population, one of the most promising approaches to its etiology is to describe the condition as a
learning deficit (Van de Cruys et al., 2014). For example, predictive processing construes ASD symptoms as a
consequence of a core deficit in learning about the contingencies of the environment, often resulting in imprecise
predictions. This is especially relevant when stimuli are complex and dynamic, i.e. when dealing with social
situations (Van de Cruys et al., 2014). Difficulties in social domains are thus often interpreted to result from a
failure to adapt learning rates (the weighting of prediction errors) to different contexts, i.e. by overestimating the
volatility of the environment and assigning excessive weight to recent information (Lawson et al., 2017). This can
in turn result in difficulties with learning and behavior in social interactions, however supposed deficits are not
necessarily confined to social situations but rather described as a general learning deficit (Lawson et al., 2017;
Palmer et al., 2017).

A related but alternative account is the slow updating hypothesis, which suggests that autistic individuals
integrate new information more slowly r (Lieder et al., 2019; Vishne et al., 2021). For example, Lieder and
colleagues found that autistic participants underweighted recent sensory input in a perceptual discrimination task,
while Vishne and colleagues showed reduced trial-by-trial error correction in a sensorimotor synchronization task.
Both studies indicate that rather than an increased reliance on prediction errors, autistic learning difficulties may
stem from slower short-term adjustments, potentially affecting adaptation in both social and non-social contexts.

A competing account of the learning difficulties in ASD arises from the social motivation hypothesis
(Chevallier et al., 2012). This theory proposes that ASD can be characterized by a fundamental difference in the
processing of social rewards, similarly leading to less optimal learning in social contexts, but due to slightly
different reasons (Lin et al., 2012; Solomon et al., 2015, for a review see Schuetze et al., 2017). According to this
perspective, learning deficits mainly emerge as a consequence of attenuated sensitivity to rewarding social stimuli.
Learning difficulties are therefore confined to social contexts, in contrast to the notion of a general learning deficit
described above.

Hypotheses derived from both accounts are often tested using reinforcement learning models (Lawson
etal., 2017; Palmer et al., 2017; Sutton & Barto, 2018). In these models, choice behavior in response to rewarding
feedback is investigated in a trial-by-trial approach. Different parameters are then estimated on the subject level
and compared between groups. These parameters permit making conclusions about the underlying causes of
learning deficits. For instance, studies often tend to focus on group differences in the learning rate o (Zhang et al.,
2020). This parameter captures the weighting of prediction errors and measures the general speed at which rewards
affect behavior during learning. However, reinforcement learning models can also be specified with additional
parameters, such as the reward sensitivity p. This parameter measures the internal value of a specific type of

reward (Huys et al., 2013). Distinguishing these components in the investigation of learning deficits is important,
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as they can be used to make inferences about underlying cognitive processes. For example, attempts to disentangle
the contribution of each parameter have been made in computational models of depression, where anhedonia was
shown to affect reward sensitivity, whereas dopamine manipulation affected learning rates (Huys et al., 2013).
Thus, both parameters are theoretically distinguishable and can be used to inform theoretical assumptions. In the
context of autistic traits, reduced reward sensitivity in the social condition should reflect lower internal values for
social stimuli, in line with theoretical accounts of attenuated social motivation. In contrast, differences in learning
rates extending to non-social stimuli would convey a more general learning deficit, which may be particularly
relevant in social situations, but not necessarily confined to them.

To test the specificity of learning difficulties in ASD, studies have so far often relied on pictures or videos
of emotional expressions, which are then compared to non-social stimuli such as money or objects. While some
studies found support for the domain-specific hypothesis of an impairment exclusively for social contexts
(Chambon et al., 2017; Ewbank et al., 2017; Lin et al., 2012; Palumbo et al., 2015; von der Liihe et al., 2016),
other results suggest deficits also in non-social conditions (Scott-Van Zeeland et al., 2010; Solomon et al., 2015).
Importantly, these deficits seem to generalize to autistic traits in the general population as measured by the autism
spectrum quotient (AQ) (Baron-Cohen et al., 2001; Freitag et al., 2007), both in regards to a general learning
deficit (Coll et al., 2020; Goris et al., 2021; Karvelis et al., 2017) as well as an impairment confined exclusively
to social contexts (Bianco et al., 2020; Heerey, 2014; Sevgi et al., 2020).

A major limitation and confounding aspect in these studies concerns the matching of social and non-
social stimuli on low-level visual properties, which may contribute to the discrepant results about the specificity
of learning deficits. Visual stimuli used for the non-social condition such as objects or shapes (Ewbank et al.,
2017; Hurlemann et al., 2010; Kinard et al., 2020) are difficult to match in aspects like color, texture, and
luminance. This can potentially impact participants' responses (Freitag et al., 2008), especially in autistic
individuals for which atypicalities often arise at the sensory-perceptual level (Mayer, 2017). Therefore, matching
stimuli on low level visual properties is critical to properly interpret emerging differences. For this study, we have
thus created a novel set of stimuli by drawing on the field of biological motion. This line of research has
established the use of point-light displays (PLDs), a class of low-level perceptual stimuli consisting of white points
on a black background, which offer separation of social and emotional content from other visual features of the
stimulus. It has been demonstrated that facial emotional expressions can be recognized from PLDs (Bassili, 1978;
Bidet-Ildei et al., 2020; Sowden et al., 2021) and that such stimuli can reliably activate brain regions associated
with face processing, such as the fusiform face area (FFA) (Atkinson et al., 2012). Furthermore, neurotypical
children exhibit visual preference for PLDs depicting biological motion when compared to autistic children
(Kaliukhovich et al., 2021; Klin et al., 2009) and high autistic traits relate to impaired emotion recognition from
facial PLDs (Keating et al., 2022). Importantly, some researchers have connected deficits in emotion recognition
to social motivation and reward processing (Dawson et al., 2005).

To our knowledge, PLDs have so far not been used to investigate learning from social and non-social
stimuli. In this study, we therefore examined differences in learning related to autistic traits using PLDs in a
reinforcement learning task. In the social condition, participants were presented with facial PLDs depicting
positive or negative emotions (i.e. happiness or anger) to learn an underlying association. In the non-social
condition, initially random arrangements of the same number of point-lights formed conventional symbols of

success or failure (a checkmark or across). Our goal was to investigate how autistic traits would impact learning
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from social and non-social PLDs. Additionally, we were interested in whether variation in parameters of the
reinforcement learning model (learning rate and reward sensitivity) in different conditions (non-social vs social)
could lend support to competing theoretical accounts of learning deficits in autism (e.g. general learning deficit
or attenuated sensitivity to social rewards). We expected participants with high autistic traits to perform worse in
the social condition and no differences in the nonsocial condition, but we did not make predictions as to which

parameter of the reinforcement learning model precisely was affected.
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2 Methods

2.1 Sample

The sample consisted of typically developing (TD) individuals, which were contacted via a participation
recruitment platform of the University of Vienna. Participants were required to fulfill the following inclusion
criteria: a) age between 18 and 65 years, b) heterosexual orientation, ¢) proficiency in English, d) no drug or
alcohol addiction or regular drug use, e) no psychiatric or neurological condition. As the experiment was part of
a larger project, some of the exclusion criteria are related to another task and not directly relevant for this study.

From the total of 74 recruited individuals, three participants were excluded due to missing data for AQ
scores and five participants were dropped based on exclusion criteria. Three individuals were excluded from
analyses because of missing data for the task, leading to a final sample of N = 63 participants for analysis.
Participants received either a financial compensation of 10€ or 4 study credits.

2.2 Measures - AQ

To measure autistic traits, a German shortened version of the Autism Spectrum Quotient (AQ-k; Freitag
et al., 2007), widely used in research and clinical practice, was used. AQ-k contains 33 items (e.g. “I prefer to do
things on my own rather than with others.”) and is suitable for adults and adolescents aged 16 years and above
with normal intellectual functioning. For screening purposes of ASD in clinical practice, a cut-off of 17 was
proposed (Freitag et al., 2007). In the present study, item responses were scored using a binary system, where
endorsement of an autistic trait is scored with one point, while the opposite response is scored with zero, resulting
in a maximum score of 33 (Ruzich et al., 2015). In the present sample, we report reliability scores as Cronbach's
alpha (o) = .83 and McDonald’s omega (o) = .85, indicating a good scale reliability.

2.3 Social Reinforcement Learning Task

To assess learning, we used a social reinforcement learning task with PLDs as feedback (see Figure 1).
Participants were required to categorize randomly generated two-digit numbers (e.g. 99) into arbitrary groups
(“A” or “B”) via button press. Importantly, feedback was delivered probabilistically: in 85% of trials, correct
responses were followed by rewarding feedback, while in 15% of trials correct responses were followed by non-
rewarding feedback. This contingency was chosen to provide an appropriate level of difficulty for learning the
underlying associations. Participants were informed that categories were arbitrary with no underlying rule,
requiring them to learn via trial-and-error from feedback. The exact contingencies were not disclosed.

After each response, participants received PLD feedback. First, a random pattern of point lights was
displayed, which transformed into either social or non-social feedback. In social blocks, point lights formed happy
or angry human faces to indicate correct or incorrect responses. In non-social blocks, they formed check marks or
crosses. Participants completed two blocks for each condition, each block consisting of six trials. Within each
trial, 4 unique two-digit numbers were presented and repeated across subsequent trials, with the presentation order
randomized. To avoid carry-over effects, even numbers were assigned to the social blocks, uneven numbers to the
non-social blocks. Response options (“A” and “B”) were displayed to the left and right of the screen, with their

positions randomly switched between trials to avoid simple motor learning.
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Non-Social Feedback
Fixation Cross 6000 ms
1000 ms

Response
Selection
7000 ms

Social Feedback
6000 ms

Figure 1: Illustration of a single trial. A random arrangement of point lights was displayed during response selection and
subsequently transformed into either social or non-social feedback stimuli. Participants were asked to categorize a random
number stimulus into one of two arbitrary groups, A or B. Non-social feedback consisted of videos of checkmarks and crosses
(not displayed), while social feedback featured point-light faces expressing happy or angry emotions. Feedback was delivered
probabilistically based on a reward contingency of 0.85/0.15. Each block consisted of six trials, with two social and two non-
social blocks, for a total of 12 trials. Blocks were presented in an interleaved order, with the starting block type randomly

selected. Note: Display brightness has been enhanced for visibility.
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To control for order effects, the first block type (social / non-social) was randomly selected, and
subsequent blocks alternated between the two types. The dependent variable for the GLMM analysis was the
proportion of correct answers, defined as the proportion of trials, in which participants chose the high probability
option. We expected participants to perform around chance level (50%) in the first trial and improve in subsequent
trials, as they learned the underlying reward contingencies. A German version of the task is available online

(Chrome recommended): https://raimund-buehler.github.io/SOCIALRL_PLD/

24 Statistical analysis

GLMM

We used a generalized linear mixed model (GLMM) to analyze learning performance. This approach
accounts for repeated-measures and dependencies in the data, such as blocks and trials nested within individuals,
by incorporating a random intercept for each individual (Lai & Kwok, 2015). The model includes both fixed
effects, which capture overall trends in the sample (e.g., the average learning trajectory) and random effects, which
capture between-person variability around these average relationships (e.g., individual differences in learning
trajectories). This design allows us to examine individual learning trajectories and differences in performance
across blocks. Specifically, we investigated the effect of AQ scores on participants’ learning trajectories across
block types, exploring whether autistic traits are associated with lower learning performance and whether this
relationship occurs only in social blocks or across both block types.

Given the binary nature of the dependent variable, participant choice (correct/incorrect), a binomial
distribution and logit link function was assumed. The following predictors were included in the model as fixed
effects: AQ score (continuous), block type (binary: social / non-social) and trial number (continuous, 1 to 12). We
performed grand-mean centering for AQ score by subtracting the overall sample mean from each individual’s
score (Bauer & Curran, 2005). This was done to improve model convergence and ensuring more stable parameter
estimates.

To assess the presence of interindividual variability in trials and block types, we performed a likelihood
ratio test, to evaluate whether the inclusion of random slopes significantly improved model fit. First, we compared
a model with random slopes to a simpler model that included only random intercepts by subject and fixed effects,
but no random slopes. The likelihood ratio test was significant (x*(5) = 160, p < 0.001), confirming significant
interindividual variance in learning trajectories and block types. To examine whether AQ scores accounted for
this variability in learning trajectories, we added an interaction term, yielding the following model, with AQ
specified as fixed effect, trial number and block type specified as both fixed and random effects. Specifically, in

pseudo-code:

Choice ~ Block Type X Trial Number X AQ Score +

(1 + Block Type + Trial Number | Participant) (1)
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All model estimates are reported as odds ratios (OR) incl. 95% confidence intervals (Cls) calculated
using the Wald method. Odds ratios range from 0 to o, with values greater than 1 indicating increased odds of
giving a correct answer and values less than 1 reflecting decreased odds. Confidence intervals that include 1
suggest no significant association, whereas intervals excluding 1 indicate a statistically significant effect. All
models were fitted via the maximum likelihood estimation method using the /me4 package (version 1.1-31) (Bates

et al., 2015).

Reinforcement Learning Model

Probabilistic reinforcement learning tasks lend themselves to a trial-by-trial analysis of responses via
reinforcement learning models, which are characterized by a set of parameters (Sutton & Barto, 2018). These
parameters capture certain aspects of the individual learning process, i.e. the ability to quickly shift behavior in
response to feedback (learning rate), the impact of reward reception (reward sensitivity), or the tendency to
explore choice options under uncertainty (temperature). They in turn rely on the prediction error, a central
component of reinforcement learning, which signals reward reception, but decays as reward contingencies grow
to be expected.

We used a Rescorla-Wagner reinforcement learning model to analyze choice behavior in a trial-by-trial
approach. Such models use a set of computational steps to predict choice probabilities given the current expected
probability of receiving a reward and the choice outcome on the current trial. The first step consists of computing

a reward prediction error (RPE) for a given trial ¢:
RPE(t) = p X Outcome(t) — P4(t) (2)

With P denoting the estimated probability of receiving a reward and A denoting the choice option. The
outcome is coded as a binary variable (0 for no reward and 1 for reward reception) and is scaled by the reward
sensitivity parameter p. The RPE takes large values if a reward is received (positive) or omitted (negative)
unexpectedly. Each trial, the expectation of receiving a reward on the next trial is updated by scaling the RPE by

the learning rate parameter a:
Py(t+1) = Py(t) + @ X RPE(t) 3)

Here, the RPE is used to compute the expected reward probability when choosing option A on the next
trial. If a reward was received unexpectedly, the RPE will take a large positive value and the expected probability
of receiving a reward on the next trial will increase. Likewise, if a reward was omitted, the RPE will be negative
and the expected probability of receiving a reward on the next trial will decrease. The result of this computation
is scaled by the learning rate a, which is bounded

between 0 and 1 and can be estimated for each participant. Lastly, the probability of choosing the option

is modeled using the softmax rule (a sigmoid function) and the inverse temperature parameter 0:

(4)

PChoiceA(t + 1) = 14+ e—9(Pa-Pp)

The crucial point during this step is the scaling of the difference between expected probabilities for

choices A or B. If 6 is large, even a small difference in expected reward probabilities will bias choice behavior
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towards A or B. Conversely, if it is small, the difference between probabilities needs to be very pronounced for
choice behavior to be affected. This in turn results in more or less exploration of choice options, with more
deterministic choice behavior for large values of 6 and more probabilistic behavior for low values.

This set of equations was used to model individual choice behavior and estimate the described parameters
using a set of custom python scripts. Parameters were estimated using maximum likelihood (ML), specifically by
minimizing the negative likelihood using the minimize function from the scipy package with the TNC method
(Virtanen et al., 2020). Parameters were initialized randomly with bounds manually constrained to -10 to 10 for
a and p and 1 to 50 for 0. To ensure that parameters fell within the conventional bounds of 0 and 1, a logistic
transformation was applied to a and p. For 8, no logistic transformation was applied. To further improve model
fit, prevent extreme values and stabilize parameter estimation, we used elastic net regularization with L1 and L2
penalties with regularization strength set to L = 0.01 for both penalties. This resulted in stable estimations over
several cycles of parameter fitting. Parameters were estimated separately for wins and losses as well as social and
non-social conditions, resulting in a set of 6 parameters for each participant.

As evident from histograms, scatterplots, as well as the fact that o and p are bounded between 0 and 1,
assumptions for linear models may be violated (see below). Indeed, QQplots for linear models confirm deviation
from normal distribution, mostly at the tails (see supplementary material, Figure S1). This suggests more extreme
values in the observed data than expected under the assumption of normal distribution. Thus, for a and p, a GLMM
with a beta distribution was considered an appropriate choice for analysis, as the beta distribution is defined on
the interval between 0 and 1 and therefore naturally suitable to model data that is bounded within this range. 6,
which was not bounded between 0 and 1, was investigated using a classical LMM approach. Diagnostic plots with
the DHARMa package still indicated some assumption problems for the pwin-model in the beta-GLMM approach,
however points aligned more closely to the diagonal line in the QQplot than for LMM models (see supplementary
material, Figure S1 and S2).

All statistical analyses were performed using R 4.2.2 (R Core Team, 2022). LMM’s and GLMM’s were
fit via maximum likelihood using the /me4 package version 1.1.31 (Bates et al., 2015). Beta-GLMM’s were fit
using the glmmTMB package (Brooks et al., 2017) Assumptions for beta GLMM’s were investigated using the
DHARMa package version 0.4.6 (see supplementary material, Figure S2). Confidence intervals for odds ratios
were computed using the Wald method.

In line with open science practices, Python and R scripts used for data pre-processing and statistical

analysis are available online: https://github.com/raimund-buehler/RALT final.nosync

The statistical analysis was pre-registered at the Open Science Framework (OSF): https://osf.io/tgcqm

A description of deviations from the preregistered analysis is provided in the supplementary material.
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3 Results

Sample characteristics

63 individuals were selected for analyses in the GLM. 57.1% (N = 36) of the sample were females and
42.9% (n = 27) were male. The majority of the sample was composed of young adults (mean age = 26.51, SD =
6.76), with the oldest participant being 63 years old. With regards to AQ scores, the sample mean was M = 9.45,
SD = 4.88 and values ranged from 1 to 25 (See Figure 2 a). Skewness of AQ scores was 0.82, indicating a
moderately right-skewed distribution. This suggests that while most participants scored lower on the AQ, a smaller

number of participants had higher scores, leading to a longer right tail.
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Figure 2 - a Histogram of AQ scores, split into 3 groups indicated by dashed lines (Low, Medium, High) b Learning over
trials for all participants. Trial 1-6 were presented in the first block, trial 7-12 in the second block, resulting in a delay and a
drop in performance in trial 7. Predicted learning performance of the reinforcement learning model is depicted as dashed lines
and indicates satisfactory model fit ¢ Learning over trials, split by 3 AQ groups depicted in the histogram (Low, Medium,
High) for observed and predicted performance. Predicted performance of the RL model is depicted as dashed lines d Violin
plot and boxplots for correct answers between blocks, averaged over all trials. Performance was marginally lower in social

blocks across the full sample, but not significantly (p = 0.23).
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GLMM

GLMM analyses revealed that trial number was significantly associated with higher odds of giving a
correct answer OR = 1.10, 95% CI [1.06, 1.14], p < 0.001. This suggests that individuals learned the underlying
association over trials, increasing their odds of giving a correct answer on average by 10% each trial. The main
effect of block type (non-social vs. social), was not significant, OR = 0.81, 95% CI [0.61, 1.09], p <0.23, although
learning performance was marginally lower in social blocks (as suggested by an OR value below one).

The interaction between block type and AQ was not significant, OR = 1.03, 95% CI [0.97, 1.10], p =
0.22. This suggests that the effect of AQ did not differ significantly between block types. Similarly, the interaction
between AQ score and trial number, the interaction between block type and trial number as well as the three-way
interaction were not significant (all p > 0.05). This suggests that autistic traits did not explain variance in learning
trajectories over trials, as indicated by largely parallel learning trajectories for different AQ groups (see Figure 3).

GLMM: Predicted Learning
— Observed - - Predicted (GLMM model) AQ Group Low — Medium — High

0.8
0.7

0.6

Probability of Correct Answer

0.5

Trial

Figure 3: Observed (solid) and predicted (dashed) line plots, depicting learning over trials. Participants improve over trials,
which is captured by the positive slope of model predictions. However, learning is not significantly different between block

types or AQ groups (all p > 0.05).
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Rescorla-Wagner Results

Model predictions and model fit for the estimated parameters can be investigated in Figure 2 b and ¢
(dashed lines). Predictions follow the observed data closely, indicating satisfactory model fit. The histogram in
Figure 4 a shows the distribution of fitted parameters over all participants. The non-parametric Wilcoxon signed-

rank test suggested all parameters in the win domain to differ significantly from their counterparts in the loss

domain (all p < 0.001), with parameters generally being larger for wins compared to losses.
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Figure 4: a Histograms of parameter distributions over all participants, separately for wins and losses. Dashed black lines

depict median values. b Violin- and boxplots for all parameters, comparing social and non-social blocks.

When comparing parameters between social and non-social block types with random intercepts by
subject, trends were observed for both awin and pwin in @ beta GLMM (see Figure 4 b). For pwin, the difference
between social and non-social blocks was close to significant, OR = 0.75, 95% CI [0.56, 1.01], p = 0.0596,
suggesting reward sensitivity for wins was marginally lower in social blocks. For awin, the difference between
block types was similar, OR = 0.83, 95% CI [0.68, 1.02], p = 0.0732, again suggesting that learning rates were
marginally lower in social blocks. This aligns with the trend of reduced learning performance in social blocks
described above, however these differences failed to reach significance. For 6, no difference between block
types was observed.

To assess the effect of AQ, a separate model with AQ and block type as predictors was fit for each
parameter and domain (win/loss). For the beta-GLMMs, the main effect of AQ was significant for the pyin-
model, OR = 0.79, 95% CI [0.64, 0.98], p = 0.029 in a model specified without interaction. To further
investigate the significance and robustness of this result, we performed two non-parametric tests, bootstrapping
and a permutation test, both of which confirm the stability of the result, i.e. the empirical p-value derived from
the permutation test was p = 0.003 (see supplementary material, Fig. S3).

In a model with an interaction term, AQ X block type was not significant (p = 0.74), suggesting no

difference in the relationship between AQ and pwin across social and non-social blocks However, in a simple
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slope analysis, the effect of AQ was significant in social blocks, OR = 0.95, 95% CI [0.90, 0.999], p = 0.046,
but not in non-social blocks, OR = 0.96, 95% CI1[0.91, 1.01], p = 0.11. Importantly, while this finding suggests
that higher AQ scores were associated with a decrease in pwin in the social condition, it does not provide
evidence that the relationship differs significantly between social and non-social blocks, as indicated by the non-
significant interaction term. Thus, caution should be exercised when interpreting differences between
conditions. No main effects of AQ or interactions of AQ X block type were observed for owin Or oss (see Figure

5,all p>0.05).

Beta-GLMM and LMM: Effect of AQ Score on Parameter Values
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Figure 5 Scatterplots and line plots for the effect of autistic traits on parameter values in non-social and social blocks. Model
predictions for each parameter are depicted as dashed lines. For alpha and rho values, a beta-GLMM was used, as parameters

are bounded between 0 and 1. For theta values, an LMM was used, as parameter values are not bounded.

B10ss, analyzed with a linear mixed model, was significantly positively associated with AQ, B =0.148, t=
2.23, p = 0.029, r = 0.27. This relationship is also evident in Figure 5. However, as QQplots indicated that
assumptions of linear models were violated for this model (see suppl. Fig. S1), results should be interpreted

cautiously. The interaction of block type and AQ was not significant for the 0oss-model (p > 0.5).
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4 Discussion

To our knowledge, this study represents the first attempt to investigate the impact of autistic traits on
learning from social and non-social PLDs matched on low-level visual properties. Our goal was to investigate raw
learning performance, while also examining more subtle differences in the underlying learning processes by
exploring parameters of a reinforcement learning model. These parameters were used to test competing theoretical
accounts of ASD symptoms. In the analysis on raw learning performance, we did not detect significant differences
related to autistic traits, however computational modeling did reveal attenuated reward sensitivity in response to
wins for participants with high autistic traits. We will first discuss the analysis of raw learning performance and
then move on to more intricate observations derived from the reinforcement learning model.

A critical result in the first analysis is that participants’ performance improved over time in both social
and non-social conditions, as evidenced by the significant effect of trial number. This illustrates that PLDs can
successfully be used to investigate learning from social and non-social cues and emotional expressions depicted
in facial PLDs have been recognized to an extent that supports learning. Regarding the main effect of condition
(social vs non-social), learning performance was marginally lower in the social condition across the entire sample,
but this difference was not significant. This would indicate that learning from social PLDs was slightly harder,
possibly due to higher ambiguity in the social condition (i.e. non-social PLDs could easily be interpreted, whereas
facial PLDs required recognizing depicted emotions from point light arrangements). However, this ambiguity did
not significantly impact learning performance across the entire sample.

Regarding the effect of autistic traits, the main effect of AQ on learning performance was not significant,
a result that is inconsistent with a general learning deficit for participants with high AQ, which would have
manifested in decreased learning performance in both conditions. Contrary to our expectations, we also did not
observe a significant interaction between condition and autistic traits, indicating that participants with high AQ
scores did not perform worse in the social condition. As an explanation for the absence of this expected effect, we
offer the following interpretation: participants with high AQ may have used compensatory strategies which did
not rely on automatic emotion recognition, but rather on explicit cognitive effort. This compensatory strategy has
been discussed in the literature as a potentially confounding factor in studies on facial emotion recognition and
seems especially relevant in an adult sample of neurotypical individuals without ASD diagnosis (Harms et al.,
2010). Furthermore, emotional expressions in facial PLDs were mostly discernible by focusing on the mouth,
whereas less emotional information was conveyed by the eyes. Deficits in emotion recognition in ASD have been
shown to relate to fixations to the eye region (Kliemann et al., 2012), thus this feature of the stimuli may have
contributed to the missing effect. Furthermore, debriefing information suggested that participants experienced
emotion recognition in social PLDs as particularly challenging. Reliance on abstract visual stimuli thus may have
led to increased difficulty in the social condition for participants with low AQ and enhanced learning performance
for those with high AQ. Altogether, this might have potentially masked interindividual learning differences.

Despite the absence of differences in raw learning performance, computational modeling was able to
uncover more subtle differences in the learning process. In particular, the analysis using the Rescorla-Wagner
model showed a trend for a main effect of condition on both reward sensitivity and learning rate parameters for
the win domain (pwin and owin). Both parameters were marginally lower in the social compared to the non-social
condition over the entire sample, a finding that aligns with slightly lower learning performance in the social

condition discussed above. Importantly, a significant main effect of AQ on pwin Was observed, suggesting
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attenuated sensitivity for rewarding feedback in participants with higher autistic traits. This suggests that the
internal value assigned to rewarding feedback was lower in participants with high AQ.

We did not observe a main effect of AQ on learning rates, again suggesting no general learning deficit
over conditions. We also did not observe an interaction of AQ and condition on learning rates, i.e. no differences
in learning rates related to AQ between social and non-social conditions. Lastly, Bi0ss, @ parameter which captures
the tendency to explore choice options in response to losses, was positively associated with AQ scores. This would
suggest that participants with higher autistic traits exhibited more deterministic choice behavior and less
exploration in response to losses. This finding can be interpreted to align with symptoms of repetitive behavior
and insistence on sameness (Bishop et al., 2013), however assumptions for this analysis are likely not met (see
supplementary QQplot, Fig. S1).

In summary, computational modeling indicates that participants with high autistic traits did not differ in
terms of the weighting of prediction errors (neither social nor non-social), but rather in the way the internal value
of stimuli was represented during learning. This aligns with the slow updating hypothesis (Lieder et al., 2019;
Vishne et al., 2021), which suggests that rather than excessively depending on prediction errors, autistic
individuals integrate recent information more gradually. Instead of rapidly adjusting beliefs based on new
evidence, they rely more on longer-term accumulated knowledge. This is consistent with previous findings
showing diminished trial-by-trial adjustments in both perceptual and motor learning tasks (Lieder et al., 2019;
Vishne et al., 2021). In contrast to the volatility hypothesis (Lawson et al., 2017), which predicts excessive
sensitivity to change, our results suggest that high-AQ individuals are less responsive to new feedback, supporting
the idea that autistic learning difficulties might stem from underweighting recent experience.

Our results provide less support for the social motivation hypothesis (Chevallier et al., 2012), which
suggests that autistic traits are linked to reduced learning specifically in social contexts. While we observed lower
reward sensitivity in high-AQ participants, this effect was not stronger in the social condition. This suggests that
autistic traits may affect learning more generally, rather than being driven by a diminished sensitivity to social
rewards.

Some limitations of this study also need to be taken into account. First, observed differences in parameter
values did not reflect in learning performance, i.e. we did not observe reduced learning for participants with high
autistic traits. Thus, the effect of autistic traits on learning from PLDs was confined to the parameters of the
reinforcement learning model. One could question whether a difference not reflected in learning performance is
valid. However, we argue that differences in how associations are learnt, rather than exclusively focusing on
learning outcome, is crucial for gaining a full picture of learning deficits in ASD. As mentioned above,
compensatory mechanisms could have been employed by participants with high AQ to arrive at the same level of
performance, however the process might differ.

Second, a potential confound in this study is the role of working memory (Collins & Frank, 2012). The
task required participants to hold and manipulate information about probabilistic feedback, which places a
significant demand on working memory resources. Differences in working memory capacity could influence
participants' performance independently of their learning rates or reward sensitivities. We did not record measures
of working memory in this study; however, we screened for intelligence deficits and did not include individuals
with reduced cognitive abilities. Furthermore, as discussed above, a direct effect of AQ on learning performance

was not observed. Thus, it seems unlikely that working memory would be a confound in these analyses. Still,
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future studies should consider assessing and controlling for working memory capacity to disentangle its effects
from those of the primary variables of interest.

Lastly, it is important to note that the study did not include participants with ASD but neurotypical
controls from the healthy population. Although many findings on learning from social stimuli generated in the
ASD population have been shown to generalize to autistic traits in neurotypicals (Bianco et al., 2020; Coll et al.,
2020; Goris et al., 2021; Heerey, 2014; Karvelis et al., 2017; Sevgi et al., 2020), this limitation should be
considered when extending our findings to individuals with ASD.

Conclusions

Despite limitations mentioned above, this study provides an important addition to the field of
reinforcement learning in ASD, constituting the first attempt to employ carefully matched PLD stimuli in a
reinforcement learning task. Results illustrate significant effects of autistic traits on different parameters of the
learning process, providing a detailed description of learning deficits and their relation to theoretical models of
ASD. Specifically, high autistic traits were related to reduced reward sensitivity in the win domain. In contrast,
no effects of autistic traits were observed for learning rates, demonstrating the importance of distinguishing
between different parameters of computational models. Future studies aiming to unravel distinctive contributions
of learning rates and reward sensitivities could apply reinforcement learning from PLDs in conjunction with fMRI:
PLDs are especially useful in situations where visual properties of the stimulus need to be fully accounted for.
Activation in areas linked to face perception such as the FFA (Atkinson et al., 2012) or dissociable components
of motivation, such as the ventral striatum and the ventromedial prefrontal cortex (Berridge et al., 2009) could
then be related to perception of facial PLDs and model parameters. This could give further insight into social
learning deficits in ASD and shed light on the root causes of observed social deficits.
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Supplementary Material
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Figure S1 - QQplot for linear models fit on the RL-model parameters indicate deviation at the tails, suggesting more extreme values in the

data than expected under the assumption of normal distribution.
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Figure S2 - Residual and diagnostic plots from the DHARMA package for beta-GLM models. Plots indicate some problems with deviation
in the QQplots, however points align more closely than for the linear models. Additionally, the beta distribution is naturally defined on the

interval between 0 and 1 and results from both LMM’s and GLM’s align regarding the main results.

Preregistration and Deviations from the Registered Analytical Plan

The preregistration was part of a larger project and thus included descriptions of an eye tracking task and
analyses that are not directly relevant for this study. The initial intention was a joint analysis of eye tracking and
reinforcement learning measures. The preregistration also mentions reaction time measures of the reinforcement
learning task. After careful consideration of the complexity of analyses described in the main manuscript as well
as the low additional theoretical and epistemic value of including further measures, the decision to omit these
measures was made. Eye tracking and reinforcement learning data were split into two separate papers. Gender of
subject was included as a predictor in exploratory models, but was not reported in the main manuscript, as it was

not significant in any model (p > 0.05). The original term in the preregistration for “runs” is “cycles”, however
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both refer to the same concept, i.e. the consecutive presentation of the stimulus (see Fig. 1b in the main
manuscript). The statistical analysis is described as a mixed ANOVA. Towards the end of the preregistration
(under “exploratory analyses”), LMMs are mentioned as an alternative statistical approach to account for
dependency in the data. However, as the dependent variable is bounded and can be interpreted as the number of
failures and successes, a GLMM with a binomial distribution was considered a superior statistical approach and
reported as such in the main manuscript. LMMs were also fit, however assumptions for these analyses were not

well met (see QQplot, Fig. S1).
Bootstrapping and Permutation tests

To further investigate the significance and robustness of the effect of AQ on pyin, OR = 0.79, 95% CI
[0.64, 0.98], p = 0.029, we performed two non-parametric tests, bootstrapping and a permutation test:
Bootstrapping involves repeatedly sampling from the data (with replacement), fitting the model to each
resampled dataset, and obtaining the parameter estimate (in our case, for AQ). This produces a normal
distribution of estimates, allowing us to assess the robustness and variability of the parameter. If the original
estimate lies near the center of the bootstrap distribution, it indicates small bias and robustness of the original
estimate. Additionally, confidence intervals constructed from the bootstrap distribution provide a measure of
uncertainty. If these intervals exclude zero, it suggests the estimate is statistically significant.

A permutation test, on the other hand, randomly shuffles the response variable, breaking any
association between it and the predictors. By fitting the model to the shuffled data, we generate a distribution of
estimates under the null hypothesis (centered around zero). The observed estimate is then compared to this null
distribution, and an empirical p-value is calculated as the proportion of shuffled estimates that are as extreme as

or more extreme than the observed estimate.

66



b c
Bootstrap results and CI for AQ QQ Plot for Bootstrap estimates Permutation Results and ClI for AQ

2004 E i ]

] 1
1 1 e 250 i 1
1 ] ’ 1 1

4
1 1 A 1 1
1504 1 I | 200 1 1
1 1 3 2 1 1
- 1 I = - 1 1
e I I I 2 150 1 I
< 100 1 1 S ] 1 1
o | | > 01 = 1 ]
£ ! ! a 2 100 ! '
w 1 1 £ w 1 1
o
501 | : @ I :
1 1 -2 50 I I
1 ! 1 1
1 1 1 1
01 1 1 ’ 0 1 1
0.10 -0.05 0.00 2 0 2 -0.06 -0.03 0.00 0.03 0.06
Bootstrap Estimates for AQ Theoretical Quantiles Permutation Estimates for AQ

Figure S3 - a Bootstrap results. The observed estimate is depicted in red, mean and CI of bootstrapped estimates as dotted or dashed, black
lines. The observed estimate aligns closely with the center of the bootstrap distribution, indicating small bias and robustness of the original
estimate. Cls exclude zero b QQ-Plot for the bootstrap distribution. Points closely follow the diagonal line, suggesting bootstrap estimates
follow a normal distribution. ¢ Permutation results. Estimates for randomly shuffled data center around 0. The observed estimate (red line)

lies outside the confidence intervals (dashed, black lines) for randomly shuffled data, indicating significance (empirical p = 0.003)
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Abstract

Social gaze, particularly eye contact, is essential for navigating human interactions and is commonly
reduced in autism spectrum disorder (ASD). However, the neurobiological mechanisms underlying this reduction
are not fully understood. Both oxytocin and opioids have been implicated in modulating social attention,
potentially through interactive effects. While prior research has primarily focused their effect on social reward
processing, stress-related social avoidance, implicating the hypothalamic-pituitary-adrenal (HPA) axis, may also
play a critical role. In this study, we investigated social gaze during a naturalistic conversation in N = 73
participants (34 ASD, 39 controls) across four pharmacological conditions: naltrexone, oxytocin, their
combination and placebo. Eye tracking data was collected during a face-to-face interview and salivary cortisol
samples served as a marker of HPA axis activity. As expected, individuals with ASD fixated less on the eye region
(d =-0.24) and more on the background (d = 0.27). Medication effects were more complex: while no drug x group
interaction effects were observed, exploratory analyses revealed that between-group differences in eye-directed
gaze were attenuated under pharmacological modulation. Importantly, naltrexone elicited a robust cortisol
response that was differentially related to gaze patterns across groups: In the ASD group, higher cortisol was
associated with more fixations on the eyes (r = 0.17), whereas in controls, higher cortisol related to fewer fixations
on the eyes (r = -0.21). These findings suggest different effects of arousal or stress-related mechanisms under
opioid antagonism across groups, possibly explaining the attenuated group differences. Our findings provide novel
insight into how opioids and oxytocin interact with stress-related mechanisms to shape social gaze in ASD during

naturalistic interactions.
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1 Introduction

Social attention is a central aspect of human interaction. In particular, eye contact is among the most
essential social signals for initiating and sustaining dyadic conversations. A broad range of studies has
demonstrated that autism spectrum disorder (ASD) is associated with atypical gaze patterns, particularly reduced
fixations on the eye region (Chevallier et al., 2015; Chita-Tegmark, 2016). In an effort to explain these differences,
several candidates have been discussed as potential neurobiological substrates of atypical social attention in ASD.

Early accounts have emphasized the role of endogenous opioids in reinforcing social and bonding
behavior, with social interactions assumed to stimulate opioid release (Panksepp, 1979). This perspective, known
as the brain-opioid theory of social attachment (BOTSA), originated from findings in rodents, where social
isolation produced distress behaviors reminiscent of opioid withdrawal that were mitigated by morphine
administration (Kalin et al., 1988). In contrast, opioid antagonists such as naltrexone increased social seeking
behavior (Fabre-Nys et al., 1982; Keverne et al., 1989).

Since the initial conceptualization of BOTSA, decades of research in rodents and primates have
demonstrated the involvement of opioids in affiliative social behavior and attachment (Machin & Dunbar, 2011;
Pellissier et al., 2018). In humans, opioids have similarly been established as a critical modulator of social behavior
across multiple levels of analysis. For example, positron emission tomography (PET) studies have shown that
social touch increases opioid-receptor availability in regions such as the striatum, insula, as well as frontal and
cingulate cortices (Nummenmaa et al., 2016). Genetic evidence has linked the A118G variant of the OPRM1 gene,
which encodes the p-opioid receptor, to a greater sensitivity to social reward, affectionate relationships, and social
rejection (Troisi et al., 2011; Way et al., 2009). Pharmacological studies have further implicated opioids across a
diverse range of measures, including reports of social connection and attention to the eye region (Chelnokova et
al., 2016; Leseth et al., 2024; Pellissier et al., 2018).

Results demonstrating the involvement of opioids in social behavior have prompted a long line of research
on the effects of opioid antagonists in ASD. The original hypothesis derived from BOTSA proposed a permanently
elevated opioid tone in individuals with ASD, which sparked a series of studies investigating whether naltrexone
would normalize opioid activity and restore adaptive social behavior in ASD. Despite some evidence indicating
benefit from low-dose naltrexone in ASD with elevated B-endorphin levels (Bouvard et al., 1995; Leboyer et al.,
1992), clinical trials have generally reported limited efficacy of naltrexone in alleviating social symptoms (for a
review see Roy et al., 2015) and current evidence to support its use for ASD treatment remains insufficient.

To date, the precise mechanism by which opioids regulate social behavior are still elusive and evidence
regarding the effects of opioid antagonists such as naltrexone is conflicting (Putnam & Chang, 2022c).
Specifically, it is not fully understood whether naltrexone increases or reduces affiliative social behaviors.
According to BOTSA, opioid antagonism increases social seeking, a notion that has been supported by results of
increased grooming in primates (Fabre-Nys et al., 1982; Keverne et al., 1989). In line with this, naltrexone
heightens attention to emotional facial expressions in some studies (Wardle et al., 2016). However, reduced
grooming in primates (Martel et al., 1993), as well as reduced social attention and social connection in humans has
been reported as well (Chelnokova et al., 2016; Inagaki et al., 2016).

Several attempts have been made to reconcile such inconsistencies in theories emphasizing the context of
opioid manipulation. For example, Laseth et al. propose a state-dependent model (SOMSOM), which posits that

the behavioral effects of opioid antagonists depend on the individual’s initial motivational state, enhancing social
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motivation during distress by amplifying social seeking, but reducing social exploration in non-distressed states
by dampening social reward sensitivity. Similarly, Pellissier et al. propose a p-receptor balance model in which
optimal social behavior relies on an equilibrium between p-opioid activity and the social avoidance system (SAS),
which (among other processes) encompasses the HPA axis. Consequently, both opioid hypoactivity (favoring SAS
dominance and social withdrawal) and hyperactivity (leading to reward saturation and social indifference) may
result in maladaptive social behavior.

More recently, increased attention has been devoted to other neuromodulators considered potential targets
for ASD treatment, particularly oxytocin (Young & Barrett, 2015). Oxytocin is a nonapeptide which is synthesized
in the hypothalamus and released into systemic circulation from the pituitary, acting both as a hormone and a
neuromodulator. Effects of oxytocin on attachment and social behavior were first implied by results on pair
bonding in prairie voles and subsequent findings of increased trust and social attention in neurotypical individuals
(Guastella et al., 2008; Kosfeld et al., 2005; Young & Wang, 2004). Evidence implicating oxytocin in ASD
emerged from studies showing atypical oxytocin levels in plasma of autistic children (Modahl et al., 1998) along
with research linking variants of the oxytocin receptor gene to social-communicative impairments (S. G. Gregory
et al., 2009; LoParo & Waldman, 2015). Increased social gaze in ASD following oxytocin administration
(Auyeung et al., 2015) has been associated with increased social salience or decreased social stress (Shamay-
Tsoory & Abu-Akel, 2016). However, it is important to note that studies with larger sample sizes have sometimes
failed to replicate earlier effects (Guastella et al., 2015; Ooi et al., 2016) and the current literature on the social
effects of oxytocin remains mixed (Quintana et al., 2021).

In summary, both opioids and oxytocin have been proposed as potential neurochemical mechanisms
regulating social affiliation, but their exogenous manipulation has led to inconsistent findings both in neurotypical
and ASD individuals. To resolve such inconsistencies, some researchers have recently suggested moving beyond
the isolated investigation of neurochemical systems towards a more exhaustive account of their interactions and
potential underlying mechanisms (Putnam & Chang, 2022¢). For example, the interaction of oxytocin and opioids
has been recognized for a long time (Vuong et al., 2010). A series of experiments in rodents provided evidence
that opioid activity inhibits oxytocin and demonstrated that naloxone increased plasma oxytocin levels and firing-
rates of oxytocin neurons (Bicknell & Leng, 1982; Vandesande & Dierickx, 1975). These findings suggest that the
disinhibition of oxytocin by opioid antagonists may exert interactive effects on social behavior. Notably, such
effects have been recently observed in non-human primates, where a combination of oxytocin and naloxone
increased fixations on the eye region of conspecifics (Dal Monte et al., 2016), suggesting that a combined
administration may help to alleviate some of the social difficulties observed in ASD (Fan et al., 2020). However,
empirical evidence on this assumption is currently lacking.

In order to translate these findings to humans, we therefore conducted the first within-subject, double-
blind, placebo-controlled pharmacological study in neurotypical and ASD participants to assess the effect of a
combined administration of oxytocin and naltrexone on social attention during a naturalistic, face-to-face
interaction.

Additionally, to elucidate potential underlying mechanisms of action, we explored the role of the HPA
axis under combined pharmacological challenge, as it is known that both opioids and oxytocin interact with it,
which in turn influences social behavior (Sandi & Haller, 2015). For example, elevated cortisol following social

stress has been related to reduced social gaze in neurotypical males (Vatheuer et al., 2021) while reduced social
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gaze in ASD has been attributed to both hypo- and hyperarousal (Cuve et al., 2018), possibly because it is
experienced as aversive or uncomfortable, or due to a reduced sensitivity to the social cues (Moriuchi et al., 2017).
In line with this, both hypo- as well as hyper-responsiveness of the HPA axis in ASD have been reported (Taylor
& Corbett, 2014).

Hypotheses and Preregistration

Analyses and hypotheses were preregistered before data collection (OSF: https://osf.io/c3mkg). We

hypothesized that participants with ASD would show reduced attention to the eye region compared to the
neurotypical control (CTRL) group. Building on previous research conducted in primates, rodents and humans,
we further expected that oxytocin (OXT) would increase fixations on the eye region compared to placebo across
groups. As discussed above, previous research has provided conflicting evidence regarding the effect of naltrexone
on social attention (NAL). Therefore, while we expected NAL to increase social attention across groups,
alternative outcomes, including potential interactions with group, were considered plausible. Lastly, the combined
administration of OXT and NAL was expected to exert a stronger effect on social attention than either drug
administered in isolation.

In addition to these preregistered hypotheses, analyses on cortisol levels and their effect on social
attention were added as exploratory analyses. We expected oxytocin to reduce salivary cortisol levels in both
groups due to its inhibitory effect on the HPA axis (Heinrichs et al., 2003). In contrast, naltrexone was expected
to elicit a cortisol response via disinhibition of the HPA axis (King, 2002). We made no predictions regarding the
combination of both drugs, as reports of a combined administration are rare. Similarly, we made no predictions
regarding group differences in cortisol levels, as both hypo- and hyperactivation of the HPA axis in ASD have
been described (Taylor & Corbett, 2014). Lastly, we explored the relationship between cortisol reactivity and
social attention. Specifically, we investigated how changes in cortisol levels were associated with fixations on the
eye region. Based on the notion of hyperarousal-induced gaze avoidance (Stuart et al., 2022), we hypothesized
that higher cortisol reactivity would be associated with reduced attention to the eye region in ASD. Alternatively,
in line with the hypoarousal hypothesis (Moriuchi et al., 2017), it was also considered plausible that increased

social gaze might be associated with heightened cortisol reactivity.
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2 Methods

Sample

Participants for the neurotypical control group (CTRL) were recruited via the University of Vienna's
participant management platform, while individuals with an ASD diagnosis were invited via outreach to
specialized institutions and social media postings. Participants in the ASD group were required to submit a
diagnosis by a licensed psychiatrist or psychotherapist. A total of 247 individuals completed a screening survey.
For the control group, inclusion criteria required participants to be over 18 years old, fluent in German, with no
vision impairment, no history of psychiatric or neurological disorders (or medication for such conditions), no
traumatic head injury, no drug or alcohol addiction and no contraindication for oxytocin or naltrexone. The same
criteria applied to ASD participants, although they were not excluded for comorbid disorders and medication use,
as both are very common in the ASD population. The type of disorder and medication intake was recorded. Female
participants were asked to provide information on contraceptive use, menstrual cycle history, and cycle length to
be used as control variables.

After prescreening, 79 participants were recruited (39 ASD, 40 CTRL). Of these, 59 participants
completed all four testing sessions (27 ASD, 32 CTRL). In the ASD group, 23 participants reported comorbid
diagnoses, with depression (n = 12) and attention deficit hyperactivity disorder (ADHD; n = 10) most frequently
reported. Correspondingly, the most common medications included selective serotonin/noradrenaline reuptake
inhibitors (SSRIs/SNRIs; n = 19), stimulants (n = 8), and neuroleptics (n = 6). In total, 20 ASD participants
reported regular medication use, with the number of medications ranging from one to four per individual.

18 participants dropped out prematurely (10 ASD, 8 CTRL), corresponding to a dropout rate of 23%. Of
these, 16 individuals (9 ASD, 7 CTRL) discontinued after the first session, while two participants (one ASD, one
CTRL) completed two sessions before dropping out. The most common reason for dropout were missed or
canceled appointments (n = 14). These individuals' data were retained for analysis if possible. Four participants (3
ASD, 1 CTRL) reported side effects and chose to discontinue, all of whom were female and had received
naltrexone. Two male participants were excluded from analysis, one due to low cognitive functioning (IQ = 79,
ASD group) and another due to a positive opiate drug test (CTRL group). Data from participants who reported
side effects were not included in the analyses.

A total of 254 testing sessions were conducted, including dropouts. For final analyses, data from 73
participants across 248 sessions were included, with six sessions excluded due to the above-mentioned reasons.
Further demographic and questionnaire data from the 73 participants included in the analysis are summarized in
Table 1.

A chi-square test for gender distribution showed no significant difference between groups in the final
sample (p = 0.102, see Table 1). Of those participants who completed all sessions, marginally more females were
in the ASD group (15 F, 12 M) and more males in the CTRL group (18 M, 14 F), however, this difference was
again not significant (y*(1) = 0.41, p = 0.52). One participant in the ASD group identified as non-binary and was
excluded when the analysis involved gender. Ages ranged from 18 to 70 (M = 31.36, SD = 12.10) with a marginal
age difference between groups, which was not statistically significant (#(62) = 1.78, p = 0.080, see Table 1). Verbal
1Q, assessed with the Mehrwachwahl-Wortschatz-Intelligenztest (Lehrl, 1999), was not significantly different
between groups (#(54) = 1.45, p = 0.154). Consistent with ASD diagnoses, significant differences were observed
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for autism spectrum quotient (AQ) and the social interaction anxiety scale (SIAS; (Heimberg et al., 1992). Scores
on the interpersonal reactivity index (IRI; (Davis, 1980) and its subscales were significantly different between
groups except for the “Empathetic Concern” and the “Personal Distress” subscales (see Table 1). Scores on the
state-trait anxiety inventory (STAI-t; (Spielberger et al., 1971) were significantly different (2(56) =2.84, p = 0.006),
indicating higher anxiety levels in the ASD group, consistent with individual reports of comorbid generalized
anxiety disorder in the ASD group (2 mentions). In contrast, despite individual reports of comorbid depression,
the group difference for the Beck depression inventory (BDI; Beck et al., 1978) was not significant, albeit
approaching significance (#55) = 1.81, p = 0.075). Generally, more negative and less positive affect was observed
in the Positive and Negative Affect Schedule (PANAS; (Crawford & Henry, 2004) in the ASD group in earlier
sessions. This difference appears to have subsided in later sessions. Sympathy ratings for the experimenter showed

no significant differences across any dimension.
Experimental Procedure

The study was designed as a within-subject, double-blind, placebo-controlled trial with four sessions per
participant. Each session lasted approximately 2.5 to 3 hours. Upon arrival, participants provided written informed
consent and were introduced to the study protocol. To assess baseline mood, participants completed the Positive
and Negative Affect Schedule (PANAS) at the start of each session. Immediately after, a urine test was conducted
to screen for opioid use and pregnancy. If results were negative, the session continued with the collection of a
baseline saliva sample. In the first session, verbal 1Q was assessed using the Mehrwachwahl-Wortschatz-
Intelligenztest MWT).

Each session involved the administration of both a pill and a nebulizer solution, which contained either
active medication or a placebo. To account for differences in drug onset, the pill was administered 50 minutes, the
nebulizer 20 minutes prior to testing (see pharmacological procedure for more details). The nebulizer was applied

for 5 minutes on each nostril (10 minutes total).
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Variable ASD CTRL

N N %2 p
Male 13 24
Gender Female 20 15 2.68 0.102
Non-Binary 1 0
Mean SD Mean SD t p
Age 34.06 13.37  29.00 10.48 1.78 0.080
AQ - Autism Spectrum Quotient 2431 5.90 9.18 441 11.36 <0.001
AQ - Communication and Reciprocity 7.55 1.80 3.47 1.80 8.97 <0.001
AQ - Social Interaction and Spontaneity 8.55 2.57 3.06 2.50 8.56 <0.001
AQ - Imagination 8.21 2.62 2.65 1.67 9.84 <0.001
AQ - Social Scales 16.10 3.88 6.53 3.65 10.04 <0.001
BDI-A - Beck Depression Inventory 6.93 2.94 5.70 2.29 1.81 0.075
Verbal IQ (MWT) 112.59  17.15 107.67  10.70 1.45 0.154
IRI - Interpersonal Reactivity Index 61.26 12.57 70.71 10.80 -3.24 0.002
IRI - Empathetic Concern 17.45 5.30 19.50 5.09 -1.59 0.118
IRI - Fantasy 14.32 5.42 20.12 3.88 491 <0.001
IRI - Personal Distress 14.42 4.99 12.21 491 1.80 0.077
IRI - Perspective Taking 15.06 5.40 18.88 4.93 -2.97 0.004
SIAS - Social Interaction Anxiety Scale 51.90 11.07 25.59 14.03 8.37 <0.001

STAI-t - State-Trait Anxiety Inventory (trait) 49.10 5.57 45.49 4.55 2.84 0.006
PANAS - Positive and Negative Affect Schedule
Negative Affect  Session 1 1.62 0.44 1.40 0.33 2.39 0.020
Session 2 1.57 0.43 1.38 0.30 1.93 0.059
Session 3 1.42 0.44 1.43 0.51 -0.08 0.933
Session 4 1.54 0.50 1.38 0.42 1.31 0.196
Positive Affect  Session 1 2.78 0.59 3.26 0.56 -3.55  <0.001
Session 2 2.64 0.68 3.21 0.69 -3.23 0.002
Session 3 2.62 0.86 3.04 0.77 -1.93 0.059
Session 4 2.75 0.85 2.88 0.75 -0.63 0.528

Sympathy Ratings  Interesting 4.78 1.46 5.14 1.47 0.88 0.381
Good 5.84 1.12 6.21 0.82 1.98 0.051
Kind 6.22 0.94 6.46 0.75 1.53 0.129
Open-Minded 5.86 1.22 5.97 1.13 0.19 0.847

Table 1 - Demographic and questionnaire data. T- and p-values were obtained through standard t-tests, except for sympathy
ratings, which were obtained using a linear mixed model with random intercepts by subject, as data was collected each session

(within-subject). Questionnaires and subscales marked in bold highlight significant differences between groups.
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Drug administration was followed by a waiting period, during which the experimenter set up the eye
tracking equipment. Shortly before testing, at the estimated peak plasma levels for both drugs, participants
completed a brief side effects scale, followed by a second saliva sample. Participants then performed a semi-
structured interview, during which eye gaze was recorded using a mobile eye-tracking headset.

After task completion, participants were asked to guess which medication they had received to assess the
success of blinding. They then provided sympathy ratings for the experimenter, using a 1-7 Likert scale. Lastly, a
third and final saliva sample was collected. In the first session, participants also completed a battery of self-report
questionnaires, including the Interpersonal Reactivity Index (IRI), the Social Interaction Anxiety Scale (SIAS),
the State-Trait Anxiety Inventory (STAI-t), and the Autism Spectrum Quotient (AQ). Each session concluded with

a short debriefing, during which participants received further information and contact details.
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Figure 1 - Overview of the experimental design and eye-tracking analysis. A Timeline of the experiment: Participants always received a
pill and a nebulizer solution, resulting in four pharmacological conditions: Naltrexone + Oxytocin (NAL/OXT), Naltrexone + Placebo
(NAL/PLA), Placebo + Oxytocin (PLA/OXT), or Placebo + Placebo (PLA/PLA). Following drug administration, participants completed a
semi-structured interview while wearing a mobile eye-tracking headset. Cortisol samples were taken at 3 timepoints. B Eye-tracking data was

analyzed based on predefined Areas of Interest (AOls), including eyes, mouth, face, and background.

Eye-Tracking Interview

A team of seven trained experimenters conducted the interviews, ensuring that each participant was
consistently paired with the same experimenter across all sessions. To reduce potential differences in gaze behavior
based on the sex of the interaction partner, participants were always interviewed by an experimenter of the same
sex. The interviews took place in a quiet lab setting, where both the participant and the experimenter were seated
approximately one meter apart at a table. Each session followed a semi-structured interview format, during which
13 scripted questions were read aloud by the experimenter from a printed list. These questions were designed to
simulate natural conversation and were adapted from previous studies investigating social attention during face-
to-face interactions (Auyeung et al., 2015). The questions were categorized into two types: closed questions (1—
6), simple yes/no questions requiring minimal elaboration, and open questions (7—13), designed to encourage
longer responses and greater social engagement. To maintain a natural flow of conversation, experimenters were
permitted to use brief follow-up remarks, but were instructed to ensure the total interview duration remained
between 7 and 10 minutes. Throughout the interview, the duration of each question was recorded via button press
to allow for a time-course analysis of gaze behavior. A full list of interview questions is provided in the
supplementary material.

The average interview duration was M = 9.47 minutes, SD = 2.82 minutes. A difference in interview

duration between groups was observed, with slightly shorter interviews in the ASD group (M = 9.00 minutes, SD
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= 2.50 minutes) compared to the CTRL group (M = 9.89 minutes, SD = 3.02 minutes; #(247) = -2.52, p = 0.012).
However, since the dependent variable in the analysis (fixations per second) was normalized for the total interview

duration, variations in interview length are unlikely to influence results.
Eye-Tracking Equipment and Procedure

The eye tracking procedure follows our previous work and is described in more detail there (Buchler et
al., 2024). Eye-tracking data was collected using the Pupil Labs Core system (Pupil Labs, Berlin, Germany), a
mobile head-mounted eye tracker with two infrared pupil cameras and a forward-facing world camera. Pupil
cameras captured eye movements at a 120 Hz sampling rate. To estimate gaze direction, we used an approach
based on a 3D model of the eye (Kassner et al., 2014), which accounts for head movement and slippage of the
headset, improving the stability of gaze estimations. Participants were instructed to minimize large head
movements, though natural conversational behaviors such as nodding or shaking the head were permitted.

Before starting the interview, a single-marker calibration choreography was performed. A printed
calibration marker was held at eye level in front of the experimenter’s face. The manufacturer reports a gaze
estimation accuracy of approximately 0.6° visual angle (VA) under ideal conditions. In our study, mean accuracy
over all recordings was M = 1.73°, SD = 0.53°. Accuracy was not significantly different between groups (#(222.32)
=-1.76, p = 0.08).

Data Preprocessing and Face Detection

To preprocess the data, we extracted fixations using the fixation detection algorithm provided by the Pupil
Labs player software (Kassner et al., 2014). Fixations were detected using a maximum dispersion threshold of 1.5°
VA, with durations ranging from 80 ms to 220 ms. Blinks (short drops in pupil detection confidence) were
excluded during preprocessing using the blink detector plugin. Furthermore, all fixations below a confidence
threshold of 0.8 were removed.

To locate facial AOIs, face detection was performed using a multi-task convolutional neural network
(CNN) with the OpenCV and the facenet-pytorch package in python. This process identified the position of the
experimenter’s face and facial landmarks such as the eyes and corners of the mouth in each frame. Ellipses were
fitted to the face, eyes, and mouth based on the bounding box returned by the face detection model. The size and
shape of these ellipses adjusted dynamically to the orientation of the head and detected facial landmarks. Fixations
where then mapped to AOIs frame by frame using a self-written python script. Lastly, fixations for each region
were counted and averaged over time intervals (e.g. the total interview duration) resulting in a measure of the
average fixation rate (fixations per second) on the respective region. This measure served as the dependent variable
for further analysis. The python scripts used for face detection used in this study are publicly available in an online
repository (https:/github.com/raimund-buehler/face detection small) and described in more detail in our previous

work (Buehler et al., 2024).

Pharmacological procedure

The pharmacological procedure consisted of 4 medication conditions (NAL/OXT, NAL/PLA, OXT/PLA,
and PLA/PLA), each of which was experienced by each participant on 4 different testing days (within-subject).
The order of the conditions was randomized among participants. Drugs were supplied by the General Hospital of

Vienna (AKH). Naltrexone (Dependex, 50 mg) was administered orally in pill form. Oxytocin (Syntocinon,
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51U/ml) was administered via a nebulizer (Pari 128 G1000 Sinus 2, Pari, Germany). The solution was applied to
both nostrils for an interval of 5 minutes each, resulting in an applied dosage of 101U or 2ml solution.

This dose, which is lower than the conventional 241U often encountered in oxytocin studies, was chosen
for several reasons: First, previous research, mostly by Quintana and colleagues, has suggested that lower doses
of oxytocin are more effective in eliciting behavioral effects of social cognition and attention, compared to higher
doses (Martins et al., 2022; Quintana et al., 2015, 2016). Another critical consideration is the interactive effect of
naltrexone on oxytocin, which increases the potential for cross-activation of vasopressin receptors that occur at
higher doses of oxytocin (Neumann & Landgraf, 2012). Vasopressin receptors have been implicated in social
behavior (Neumann & Landgraf, 2012; Quintana et al., 2021; Rilling et al., 2012) and their activation could
confound the behavioral effects of oxytocin. Thus, the lower dose was chosen due to the effectiveness of lower
doses suggested by recent literature and the goal of avoiding cross-activation of vasopressin receptors under
simultaneous administration of naltrexone.

A pill with mannitol filler and a saline solution (0.9% NaCL) was administered in placebo conditions via
the same rout of administration (i.e. oral intake and nebulizer) of the active drug. Thus, participants always received
a pill and nebulizer solution in each session. The duration until peak plasma levels was accounted for in the timing
of drug administration (naltrexone was administered 50 minutes and oxytocin 20 minutes before the start of testing)
(Gonzalez & Brogden, 1988; Gossen et al., 2012). To minimize potential carryover effects, we aimed for an
interval of 2 weeks between sessions. However, due to study logistics, some variation between testing dates could
not be avoided. The mean interval between session dates was M = 15.8 days, SD = 7.44 days.

At the end of each session, participants were asked to guess the type of medication that was received,
separately for the pill and the nebulizer. Blinding was successful for the pill, as indicated by a non-significant chi-
square test (y*(1) =2.53, p = 0.112). Regarding the nebulizer, the chi-square test was significant (y*(1) = 6.83, p =
0.009), indicating that blinding was potentially compromised. Given that oxytocin tends to have minimal side
effects, it is possible that the solution containing the medication was discernible by smell.

However, when examining nebulizer blinding for individual medication conditions (with and without
naltrexone), the chi-square test was only significant for the PLA/OXT vs PLA/PLA comparison (y*(1) =6.76, p =
0.009), while the NAL/OXT vs NAL/PLA comparison was not significant (y*(1) = 0.96, p = 0.328). If participants
had been able to reliably discern the medication by smell, this effect should have reflected in a significant result
across both comparisons. An alternative interpretation for the significant result is a response bias towards placebo
rather than the ability to discern nebulizer solutions: In the PLA/OXT and PLA/PLA conditions, participants were
most likely to correctly identify placebo (41 hits). Since oxytocin’s effects are not consciously noticeable,
participants may have guessed 'placebo’ more often, inflating correct placebo responses and driving the significant
chi-square test. Thus, while participants may have been able to correctly identify the nebulizer condition by smell,

alternative explanations, such as a response bias towards placebo, are plausible.
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Questionnaire Measures - AQ and SIAS

To measure autistic traits, a German shortened version of the Autism Spectrum Quotient (AQ-k; Freitag
etal., 2007) was used. The AQ-k contains 33 items (e.g. “I prefer to do things on my own rather than with others.”)
and is suitable for adults and adolescents aged 16 years and above with normal intellectual functioning. For
screening purposes of ASD in clinical practice, a cut-off of 17 was proposed (Freitag et al., 2007). Items were
scored using a binary system, with scores of 0 or 1 for each item, resulting in a maximum score of 33. Higher
scores indicate higher levels of autistic traits (Ruzich et al., 2015). Additionally, scores were computed for 3
subscales, social interaction and spontaneity, imagination, and, communication and reciprocity (Freitag et al.,
2008).

Social anxiety was measured using the social interaction anxiety scale (Heimberg et al., 1992). This
questionnaire consists of 20 items (e.g. “I feel tense if I am alone with just one other person” or “I have difficulty
making eye contact with others”). Items were scored using a 5-point Likert-scale, with a maximum score of 80.
Higher scores indicate higher levels of social anxiety. A score of 34 is commonly used as a cutoff suggesting social
anxiety disorder (SAD) (Heimberg et al., 1992).

We focused on these two questionnaires in our analyses, as they were most relevant to our research
objectives, while other questionnaire measures reported in Table 1 (BDI, STAI-t, IRI, PANAS) primarily served
to compare groups as control variables. Sympathy ratings are described in more detail in the supplementary

material.

Cortisol

To investigate medication effects, saliva samples for cortisol measurement were collected at 3 timepoints:
First, at the beginning of the session (baseline; T1), second after administration of medications, shortly before the
start of the experiment during the estimated peak of medication plasma levels (T2). Third, at the end of the
experiment (T3). IBL SaliCaps (IBL International GmbH, Hamburg, Germany) were used to collect samples
according to the manufacturer’s protocol. Specifically, participants were asked to collect saliva in their mouths
and refrain from swallowing for 2 minutes, which was stopped with a timer. Saliva was then transferred into the
SaliCap container via a small plastic straw.

Samples were stored in a freezer at -30°C until analysis. All analyses were conducted by Dresden
LabService (Dresden, Germany). After thawing, SaliCaps were centrifuged at 3,000 rpm for 5 min. Salivary
concentrations were measured using commercially available chemiluminescence immunoassay with high
sensitivity (IBL International, Hamburg, Germany). The intra and interassay coefficients for cortisol were below
8%. In ten percent of samples (79 samples), a dual estimation of cortisol levels was conducted, with an average

deviation between estimations of M = 3%.
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Statistical analysis: Eye Tracking

To investigate the effects of group and medication, we used a linear mixed model (LMM) with a random
intercept by subject. The dependent variable of interest was fixations rates, defined as the number of fixations per
second averaged over a certain time interval, i.e. the total interview duration or the duration of each interview
question. Predictors were specified with a three-way interaction in the following way: group (2 levels: ASD /
CTRL) x AOI (4 levels: eyes / mouth / face / background) X medication (4 levels: NAL/OXT; PLA/OXT;
NAL/PLA; PLA/PLA):

Fixations/Second ~ Group x AOI x Medication + (1 | Subject) (M1)

In addition, we specified a model to examine differences between open and closed questions. As described
above, questions were categorized as closed (1-6) or open (7-13) questions. To reduce model complexity, we
focused exclusively on fixations on the eyes, removing AOI as a predictor. In this case, the dependent variable
(fixation rates) was averaged over the duration of each question rather than the entire interview. The model retained
the group and medication predictors while also including question type, for which an additional intercept nested
within subject was specified:

Fixations on Eyes/Second ~ Question Type X Group x Medication + M2)
(1 [/ Subject / Question Type)

To further explore the effects of autistic traits and social anxiety, the same model as M1 was run, but with

AQ and SIAS scores replacing the group predictor.

Fixations/Second ~ AQ x AOI x Medication + (1 | Subject) (M3)
Fixations/Second ~ SIAS x AOI x Medication + (1 | Subject) (M4)

Lastly, to investigate whether social anxiety mediated the relationship between autistic traits and fixation
rates, we conducted mediation analyses using SIAS scores as a mediator. Specifically, we tested two separate
mediation models: one examining whether the effect of group (ASD vs. CTRL) on fixation rates was mediated by
social anxiety (SIAS scores), and another testing whether AQ scores were mediated by social anxiety. In both
cases, the mediation models were specified with fixation rates on the eyes as the dependent variable, the respective

predictor (group or AQ), and SIAS scores as the mediator.
Statistical Analysis: Cortisol

Salivary cortisol levels were measured at three time points during each session: baseline (T1), pre-task
(T2), and post-task (T3). Raw cortisol levels were log-transformed to meet model assumptions. Outliers exceeding
1.5 times the interquartile range were removed to ensure robust results (60 of 789 data points). The model included
group, medication and timepoint as fixed effects, with a random intercept for both subject and session to account

for repeated measures across sessions. The model for raw cortisol levels was specified as follows:

Log(Cortisol Level) ~ Group x Medication x Timepoint + (1 | Subject / Session) (M5)
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Post-hoc pairwise comparisons were conducted to further explore significant interactions. These
comparisons assessed differences across medication conditions within each group, as well as changes in
medication effects over timepoints. Plots were generated to visualize cortisol fluctuations over time for each
medication condition and group.

As raw levels do not capture the full temporal dynamics of cortisol responses, the area under the curve
(AUC) is typically used to quantify both magnitude and duration of cortisol secretion (Pruessner et al., 2003). Two
common measures are the area under the curve with respect to ground (AUCg), which reflects total cortisol output
including baseline levels, and the area under the curve with respect to increase (AUCi), which aims to capture
cortisol reactivity by accounting for baseline differences. We were mainly interested in cortisol reactivity (AUCH).
This measure was computed by subtracting the first timepoint (T1) from all subsequent values before calculating
the area under the curve. A linear mixed model was then used to analyze AUCIi, with group and medication as

fixed effects and a random intercept for participant:

AUCi ~ Group x Medication + (1 | Subject) (Mé6)

Although AUCi provides a baseline-corrected measure of cortisol reactivity, it remains dependent on the
initial baseline measurement, which may have been influenced by individual differences upon arrival at the lab.
Furthermore, sessions were conducted at different times of day, which could confound baseline measures due to
diurnal fluctuations in cortisol. To address these potential confounds, we also used an approach akin to the MaxMin
method (Miller et al., 2018) to obtain a measure of cortisol reactivity independent of baseline levels. For this, we
eliminated baseline measures from calculations and computed the difference between timepoint 2 and timepoint 3
(T2T3), providing a baseline-free estimate of cortisol reactivity. This measure proved to capture the effects of
medications on cortisol more robustly (see results section). A linear mixed model was then used to analyze T2T3,

with group and medication as fixed effects and a random intercept for participant, equivalent to M6:

T2T3 ~ Group x Medication + (1 [ Subject) M7)

Lastly, to examine the relationship between cortisol reactivity and social attention, we used AUCi and
T2T3 as predictors of fixation rates on the eye region. Separate linear mixed models were specified for each
measure, with group, medication, the respective cortisol reactivity metric (AUCi or T2T3) as fixed effects, and a

random intercept for participant:

Fixations on Eyes/Second ~ AUCi x Group x Medication + (1 | Subject) (M8)

Fixations on Eyes/Second ~ T2T3 x Group X Medication + (1 | Subject) M9)
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Control Analysis: Menstrual Cycle

Fluctuations in oxytocin and sex hormones (such as estrogen and progesterone) during the menstrual
cycle can significantly influence responses to oxytocin (Engel et al., 2019). To control for these, we recorded the
date of last menstruation (first day of menstrual bleeding), as well as the length of the menstrual cycle for female
participants during prescreening. From this information, menstrual phases on testing dates were computed for each
participant. Phases were defined as follows: Menstrual (day 1 - 5), Follicular (day 6 - 13), Ovulatory (day 14 - 16),
Luteal (day 17 and above). Data was missing for 7 female participants, who failed to provide the information in
the questionnaire. 4 participants were tested more than 120 days after providing the date and were excluded from
computation, due to accumulating error. Data for menstrual phases was computed for 28 participants. Of these, 26
did not use any kind of hormonal contraception and 2 used a vaginal ring for contraception.

To investigate differences in fixations on the eyes between cycle phases, we specified a model with
fixations on the eyes as the dependent variable and menstrual cycle phase (4 levels: Menstrual / Follicular /

Ovulatory / Luteal) as an additional interacting predictor. These results are reported in the supplementary material:
Fixations on Eyes/Second ~ Cycle Phase x Group x Medication + (1 | Subject) (SM1)
Software and Final Remarks

For all models involving fixation rates, a square root transformation was used to meet model assumptions.
Session number and self-reported participant gender were added as control variables and fixed effects for all
models, but are not included in the pseudo-code above for simplicity. Analyses on the percentage of total fixation
duration, an alternative dependent variable, are reported in the supplementary material. All statistical analyses
were performed using R 4.2.2 (R Core Team, 2022). LMM’s were fit via maximum likelihood using the /merTest
package version 1.1.31. F-tests were conducted using the anova() command, which computes degrees of freedom
for linear mixed models using Satterthwaite’s method (Kuznetsova et al., 2017). Contrasts and t-tests were
conducted using the emmeans package with the default Kenward-Roger method for the computation of degrees of
freedom and the default Tukey method for correction of multiple comparisons (Lenth, 2022). Plots were created

using the ggplot2 package (Wickham, 2016).
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3 Results

Eye Tracking — Group and Medication Differences (IM1)

F-tests for the M1 model, which included interactive predictors of AOI, group, and medication, revealed
a significant main effect of AOI (F(3, 892.24) = 123.17, p < 0.0001). Participants made most fixations on the
background (M =1.12, SD = 0.32) and eye region (M = 0.96, SD = 0.42), with significantly fewer fixations on the
mouth (M =0.61,SD = 0.38) and face regions (M =0.72, SD = 0.23). Specifically, participants made more fixations
on the eyes compared to the mouth (#890) = 11.73, p < 0.0001) and face (#(890) = 8.01, p <0.0001) and more on
the background compared to the eyes (#890) = -5.69, p < 0.0001), mouth (#890) = -17.42, p < 0.0001), and face
(#(890) = -13.70, p < 0.0001).

No other significant main effects were observed. However, the interaction between group and AOI was
significant (F(3, 892.24) = 5.20, p = 0.001). Post-hoc contrasts indicated that groups were significantly different
for fixations on the eye region (#285) = -2.04, p = 0.043, Cohen’s d = -0.24, 95% CI [-0.47, -0.01]) and the
background region (#(285) = 2.29, p = 0.023, Cohen’s d = 0.27, 95% CI [0.04, 0.50]) when collapsing over
medications. This suggests that CTRL participants made more fixations on the eye region and fewer fixations on
the background compared to ASD participants conditions (see Figure 2).

Regarding the effect of medications, the variance between medications was small, and no significant
interactions with other predictors were observed (all p > 0.05). This suggests that medications did not significantly
influence fixation rates. However, further analysis of between-group contrasts revealed that the group difference
for fixations on the eye region was significant only in the PLA/PLA condition (#(873) = -2.03, p = 0.042), with
ASD participants exhibiting fewer fixations on the eyes compared to CTRL participants.
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Figure 2 (preliminary) - Fixations per second on different AOIs across groups and medications. Group differences are significant for the eye

and background regions when collapsing over medications. Groups are also significantly different for the PLA/PLA condition for fixations on

the eye region in post-hoc contrasts comparing individual medication conditions. * p <0.05

Timecourse Analysis (M2)

The unique group difference in the placebo condition became even more evident when fixation rates on
the eyes were averaged over smaller time windows, specifically the duration of each interview question (model
M2; see Figure 3). Model M2 retained group and medication as predictors but focused exclusively on fixations on
the eyes, removing the AOI predictor. It also included question type (open vs. closed) as an additional predictor.
F-tests revealed a significant main effect of question type (open vs. closed) (F(1, 55.58) = 8.64, p = 0.0048), as
well as a significant interaction between group and medication (F(3, 2894.24) = 7.28, p <0.001). Furthermore, a
trend was observed for the interaction between group and question type (F(1, 55.58) =3.56, p = 0.064).

Participants made significantly more fixations on the eyes during closed questions compared to open
questions when collapsing across groups and medications (#(66.7) = 2.94, p = 0.0046). Examining the group by
medication interaction revealed that groups differed significantly in the PLA/PLA condition (#(76.5) = -2.26, p =
0.027), but not in other conditions (all p > 0.05), consistent with findings from model M1 reported above.
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Figure 3 (preliminary) - Fixations on the eye region, averaged over the duration of interview questions (1-13). Stars mark significant group
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material. * p <0.05, ** p <0.01

As illustrated in Figure 3, group differences were significant for some questions in the PLA/PLA
condition but not in other medication conditions. At first glance, this seems to be driven by an increase in fixations
on the eyes for the control group towards the end of the interview. However, closer analysis of the group by
question type trend, comparing open vs. closed questions (or later vs. earlier parts of the interview), indicated that
ASD participants generally fixated less on the eyes during later parts of the interview (#(64.3) = 3.33, p = 0.0015).
No difference between earlier and later parts of the interview were observed in the control group (#(69.4) = 0.76,
p = 0.448), suggesting that gaze behavior of the CTRL group remained constant throughout the interview.

When taking medication into account, the group difference in the PLA/PLA condition also appeared to
be driven by the ASD group, which made fewer fixations on the eyes for later parts of the interview, (#(314) =
2.05, p =0.041). In contrast, this comparison was not significant for the control group, (#(350) =-0.42, p = 0.676).
Nonetheless, these findings might reflect random fluctuations in eye gaze and should be interpreted with caution.

We explore this observation in more detail in the discussion section.
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Figure 4 (preliminary) - A Relationship of fixation rates on different AOI’s and autistic traits (AQ, left) and B social interaction anxiety

(SIAS, right). Data was collapsed over groups and medication conditions. * p <0.05

AQ and SIAS (M3 and M4)

Replacing the group predictor with AQ and SIAS scores revealed a very similar pattern of results (Figure
4). For AQ, a significant main effect of AOI (F(3, 852.28) = 118.52, p < 0.0001) and a significant interaction of
AQ x AOI (F(3, 852.28) = 8.00, p < 0.0001) were observed. Post-hoc contrasts suggested a significant negative
effect of AQ for the eye region (#234) =-2.27, p = 0.024, r = -0.15, 95% CI [-0.27, -0.02]) and a positive effect
for the background region (#(234) =2.95, p = 0.004, r = 0.19, 95% CI [0.06, 0.31]).

Similarly, we observed a significant interaction of SIAS x AOI (£(3, 859.67) = 8.18, p <0.0001), with a
significant effect for the background region (#(235) = 3.44, p < 0.001, » = 0.22, 95% CI [0.09, 0.33]). However,
SIAS was not a significant predictor for fixations on the eye region (#(235) = -1.39, p = 0.166). Due to the strong
association of SIAS with ASD and AQ scores (see Figure 5), we further investigated whether the effects of AQ

and group were mediated by social anxiety scores.
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Figure 5 - A Group differences in social interaction anxiety scale (SIAS) scores. B Correlation of autistic traits (AQ) and SIAS scores. C

Mediation model of the effect of ASD on fixations on the eye region via SIAS scores. D Mediation model of the effect of AQ on fixations on

the eye region via SIAS scores. * p <0.05, ** p <0.01, *** p <0.001

Mediation Analyses

To test this hypothesis, we conducted a mediation analysis examining both AQ and group effects via
SIAS. While both group and AQ had a strong impact on SIAS scores (Cohen’s d =2.07,95% CI [1.75,2.38],p <
0.0001; r=0.85, 95% CI [0.85, 0.88], p < 0.0001), neither predictor showed significant mediation through SIAS
(see Figure 5C and D for full results). Moreover, when SIAS was included as a predictor, the group difference was
no longer significant (p = 0.40), likely reflecting a suppression effect due to multicollinearity, given the high
correlation between the predictors. As a result, this finding should be interpreted as a statistical artifact rather than
evidence of a meaningful relationship. The same pattern emerged in the mediation analysis with AQ scores;
however, in this case, the negative effect of AQ on fixations on the eye region remained significant (t(234) = -

1.975, p = 0.0494).

87



Raw Cortisol
ASD — CTRL
NAL/OXT NAL/PLA
5
4
= B
=
o
g 2
£ . . . . .
©
>
@
j PLA/OXT PLA/PLA
2
£ 5
o
O 4
3
2
1 2 & 12
Timepoint
C . .
Medication x Group x AUCI
asp [ ctRL
ASD:r=0.17*

Fixation on Eyes / Second

AUCI

Medication

AUCIi and T2T3 by Medication

auci [l T213
ASD ASD
AUCI T2T3
PLAPLA{ —=
PLA/OXT {—=
NAL/PLA -
NAL/OXT —_
CTRL CTRL
AUCI T2T3

PLA/PLA{ —
PLA/OXTH{ —
NAL/PLA{ ——
NAL/OXT{——
4 2 0 2 5

Reacticity Value

Medication x Group x T2T3

asp [ ctRL
CTRL:r=-0.21*

Fixation on Eyes / Second

T2T3

Figure 6 (preliminary) - A Raw cortisol levels across timepoints. A cortisol response can be observed in sessions involving NAL between T2

and T3, other conditions are marked by general decline of cortisol levels . B AUCI (left) and T2T3 (right): NAL conditions generally elicit a

cortisol response compared to placebo conditions. This is more clearly captured by T2T3, where differences between NAL and other conditions

are all significant when collapsing over groups (all p < 0.01; not shown) C Interaction of AUCi and fixations on eyes. AUCI is positively

associated with fixations on the eyes in ASD when collapsing over medications D Interaction of T2T3 and fixations on eyes. T2T3 is negatively

associated with fixations on the eyes in the CTRL group, particularly in the PLA/PLA condition. * p <0.05.
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Cortisol — Raw Cortisol Levels (M5)

The analysis of raw cortisol levels revealed significant main effects of timepoint (F(2, 635) = 49.06, p
<0.001) and medication (F(3, 657) = 14.36, p <0.001). No significant main effect of group was observed (p =
0.377). However, the interactions of group x medication (F(3, 630) = 3.65, p = 0.012) and medication x timepoint
(F(6,635)=17.35, p <0.001) were significant.

Contrasts revealed a decrease in cortisol levels across timepoints, with higher cortisol levels for earlier
timepoints compared to later ones when collapsing over medications and groups: the comparison between T1 and
T2 was significant (#(641) = 7.67, p <0.001), as was the comparison between T1 and T3 (#(641) = 9.25, p <0.001).

Additionally, sessions involving NAL administration (NAL/OXT and NAL/PLA) differed from those
without NAL when collapsing over timepoints and groups. Specifically, significantly higher cortisol levels were
observed in the NAL/PLA condition compared to both PLA/OXT (#(661) = 5.6, p <0.001) and PLA/PLA (#650)
=5, p <0.001). Similarly, cortisol levels were higher in the NAL/OXT condition compared to PLA/OXT (#669)
=3.87, p <0.001) and PLA/PLA (#655) = 3.27, p = 0.0006).

Examining timepoints in sessions involving NAL more closely, cortisol levels first fell between T1 - T2
and rose between T2 - T3 (see Figure 6, A). Accordingly, probing the timepoint X medication interaction suggested
higher cortisol levels for both NAL/PLA as well as NAL/OXT at T3 compared to other medications (all p-values
< 0.001), but not at other timepoints. This indicates that the effect of medication on cortisol was captured most
effectively by the difference between T2 and T3.

Medication differences seemed to be driven by the CTRL group when collapsing over timepoints.
Specifically, for the CTRL group, NAL/OXT differed from both PLA/OXT (#(644)=3.2, p=0.008) and PLA/PLA
(1(555) = 4.21, p <0.001) and NAL/PLA differed from both PLA/OXT (#660) = 4.82, p <0.001) and PLA/PLA
(#(653) = 5.8, p <0.001). In contrast, in the ASD group, only the comparison between NAL/PLA and PLA/OXT
was significant (#662) = 3.15, p = 0.009), with no other medication contrasts reaching significance. However, this
may have been confounded by baseline differences, which can obscure group differences in medication effects
when collapsing over timepoints. For this reason, we analyzed two measures of cortisol reactivity with the aim to
account for baseline differences: the area under the curve with respect to increase (AUCi) and the difference

between T2 and T3 (T2T3).

AUCi (M6)

The analysis of the area under the curve with respect to increase (AUCi) suggested a decrease of cortisol
over timepoints consistent with the analysis of raw cortisol levels, as means were negative over all conditions and
groups (see Figure 6, B). A trend was observed for a main effect of medication (F(3, 173) = 2.29, p = 0.080), but
not for group (p = 0.187). Post-hoc tests suggested a marginal difference between NAL/PLA and PLA/OXT when
collapsing over groups (#(174) =2.34, p =0.094). No other contrast for medication was significant when collapsing
over groups.

A near significant trend was also observed for the group x medication interaction (F(3, 174) =2.63, p =
0.052). Unraveling this interaction suggested that NAL was mainly effective in the ASD group. Specifically, within
the ASD group, both NAL/PLA and NAL/OXT significantly differed from PLA/OXT (#(174) = 2.62, p = 0.047);

(#(175)=2.92, p =0.021), suggesting a cortisol response for sessions in which NAL was given. In contrast, within
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the CTRL group, no contrasts between medications were significant, however this may again be confounded by

high baseline levels of cortisol.

AUCi and Fixations on Eyes (M8)

When investigating the relationship of AUCIi and fixations on the eye region, the interaction between
group x AUCi was significant (F(1, 202) = 9.34, p = 0.003). Post-hoc tests suggested a positive relationship
between AUCI and fixations on the eyes in the ASD group when collapsing over medications (#202) =2.41, p =
0.017,7=0.17). In the CTRL group, the effect of AUCi was negative and approached significance (#(182) =-1.79,
p =0.076). No other main effects or interactions were observed. Thus, increases in cortisol seem to be associated
with more fixations on the eye region in the ASD group, but not the CTRL group. However, as AUCi may be
influenced by baseline measures, we also investigated the relationship of a baseline-free measure of cortisol

reactivity, T2T3, and its relationship with fixations on the eye region.

T2T3 (M7)

Consistent with the raw cortisol analysis, a significant main effect of medication was observed (F(3,
185.03) = 11.65, p < 0.001), while no significant main effect of group (p = 0.269) or interaction of group x
medication (p = 0.672) was found. Post-hoc pairwise comparisons revealed that cortisol reactivity varied across
medication conditions when collapsing over groups. Specifically, sessions involving NAL administration seemed
to clearly elicit a cortisol response when compared to sessions without NAL. For example, NAL/PLA was
associated with significantly higher T2T3 values compared to both PLA/OXT (t(181) = 4.60, p < 0.001) and
PLA/PLA (t(178) = 4.45, p < 0.001). Similarly, NAL/OXT yielded significantly greater cortisol reactivity than
PLA/OXT (t(180) = 3.84, p=10.001) and PLA/PLA (t(180) = 3.69, p = 0.002). However, no significant difference
was found between NAL/OXT and NAL/PLA (p = 0.826), suggesting that both NAL conditions elicited similar
cortisol reactivity increases relative to non-NAL conditions.

Unlike in the analysis of AUCI, no trend of an interaction between group and medication was observed,
suggesting that medication effects on cortisol reactivity, as captured by T2T3, were not modulated by group. This
may reflect a more consistent effect of NAL on cortisol changes between T2 and T3, independent of baseline

variations, highlighting the utility of T2T3 as a baseline-free measure of cortisol reactivity.

T2T3 and Fixations on Eyes (M9)

To examine the relationship between cortisol reactivity and social attention, we analyzed the interaction
between T2T3 and fixation rates to the eye region. The analysis revealed a significant interaction between group
and T2T3 (F(1, 174.16) = 6.19, p = 0.014), suggesting that cortisol reactivity as captured by T2T3 influenced
social attention differently between groups. No significant main effects of medication (p = 0.731) or group (p =
0.228) were observed, nor a three-way interaction between group, medication, and T2T3 (p = 0.082).

Post-hoc trend analysis of the interaction between group and T2T3 revealed that in the ASD group, T2T3
was not significantly associated with fixation rates (p =0.357). However, in the CTRL group, a significant negative
association was observed (t(171) = -2.42, p = 0.016, r = -0.21), indicating that higher cortisol reactivity was

associated with reduced fixation rates on the eyes in the CTRL group.
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Further examining the group X medication x T2T3 interaction indicated that the observed effect in the
CTRL group was mainly driven by the PLA/PLA condition. Specifically, in the CTRL group, a significant negative
association between T2T3 and fixation rates was found only in the PLA/PLA condition (t(172) = -2.78, p = 0.006),
whereas no such relationship was observed in other medication conditions. In contrast, no significant associations
were found in the ASD group across any medication conditions. These findings suggest that in the CTRL group,
heightened cortisol reactivity as captured by T2T3 is associated with reduced social attention, particularly in the

absence of pharmacological manipulation.

Cortisol Analysis: Summary

In summary, a prominent cortisol response was observed in the NAL conditions across both groups,
reflected in both AUCi and T2T3, with T2T3 capturing the effect most clearly. In the ASD group, AUCi was
positively associated with fixations on the eyes, suggesting that higher cortisol reactivity corresponded to increased
social attention. In contrast, in the CTRL group, higher T2T3 values were associated with fewer fixations on the
eyes, indicating that greater cortisol reactivity may have led to reduced social attention.

This suggests that group differences in social attention may have been influenced by cortisol reactivity,
which was modulated by naltrexone intake. This could explain why the significant difference between groups on
fixations on groups observed in the placebo condition disappeared under naltrexone administration. However,
given the exploratory nature of these results, further research is needed to establish a clear relationship between

cortisol, naltrexone and fixations on eyes.
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4 Discussion

Atypical gaze behavior, particularly reduced fixations on the eye region, is a well-documented finding in
ASD (Chita-Tegmark, 2016) and has been associated with both opioids and oxytocin (Fan et al., 2020). In this
study, we investigated the interactive effects of oxytocin and naltrexone on social attention during a naturalistic
face-to-face interaction in neurotypical and ASD participants. Additionally, given the association of HPA axis
activity and social behavior (Sandi & Haller, 2015), we explored the role of cortisol reactivity as a potential
modulator of social gaze across groups. As prior research has demonstrated that oxytocin and naltrexone can
interactively affect social attention in non-human primates (Dal Monte et al., 2017), we anticipated a stronger
effect on eye gaze in the combined condition than with either pharmacological agent alone.

Across our analyses, we observed a group difference in fixations on the eye region, with ASD participants
fixating less often on the eyes compared to neurotypical controls. This finding aligns with previous research
conducted in screen-based settings (Chevallier et al., 2015; Chita-Tegmark, 2016; Frazier et al., 2017) and is
consistent with clinical observations of reduced eye contact in ASD (Senju & Johnson, 2009). In contrast to our
expectations, differences between medication conditions were not statistically significant. However, post-hoc
analyses revealed that group differences were most pronounced in the placebo condition and appeared attenuated
under individual and combined administration of naltrexone and oxytocin. This suggests that both medications
may have diminished baseline group differences.

Several factors may have contributed to the observed results. The broader literature suggests that
oxytocin’s behavioral effects are highly context-dependent (Quintana, 2018), and our findings align with this
perspective. While both oxytocin and naltrexone have well-documented effects in screen-based experiments, their
impact on social attention in naturalistic settings may be more subtle, potentially attenuating group differences
rather than driving within-group differences. Nonetheless, caution is warranted in interpreting this result given the
lack of a significant drug-by-group interaction.

A similar pattern emerged when categorical group comparisons were replaced with continuous measures
of autistic traits and social interaction anxiety. Specifically, autistic traits were related to reduced fixations on the
eyes, while social anxiety was associated with increased fixations on the background region. This supports the
view that social attention varies along a continuum and implicates potential mediating variables linking autistic
traits to eye gaze behavior. However, although both ASD diagnosis and autistic traits were strong predictors of
social interaction anxiety, mediation analyses revealed that neither the group effect nor the effect of autistic traits
was significantly mediated by social anxiety. This finding may suggest that reduced social attention in ASD reflects
hypo-arousal induced indifference towards the social environment rather than active avoidance of eye contact
(Moriuchi et al., 2017).

The analysis of cortisol reactivity provided additional insights into stress and arousal-related mechanisms
potentially underlying group differences. As expected, naltrexone elicited a robust cortisol response both in
isolation and in the combined condition, consistent with HPA axis disinhibition under p-opioid antagonism (King,
2002). This suggests that naltrexone exerted a dominant effect in the combined condition. In contrast, oxytocin
did not significantly affect cortisol levels, neither when administered alone nor in combination. Previous findings
suggest that oxytocin’s effects on the HPA axis are most pronounced under acute stress (Cardoso et al., 2014). The
lack of oxytocin’s effect on cortisol levels in our study may thus reflect the absence of a stress induction paradigm.

Additionally, dosage is a critical factor influencing oxytocin’s effect on cortisol levels (Cardoso et al., 2013). The
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dosage used in our study may have been too low to elicit measurable effects on cortisol levels, a limitation which
is discussed in more detail below.

Importantly, group differences emerged when examining the relationship between cortisol reactivity and
eye-tracking. Specifically, cortisol reactivity was positively associated with fixations on the eyes in the ASD group
(r=0.17), whereas a negative association was observed in the control group (r = —0.21). This leaves room for the
interpretation that attenuated group differences in eye gaze under opioid antagonism resulted from arousal-related
mechanisms, which acted differently on gaze behavior across groups. Recent models emphasize the balance
between opioid activity and the social avoidance system (SAS), which encompasses HPA axis activity (Pellissier
et al., 2018). Additionally, theories of hypo- and hyperarousal in ASD suggest that arousal-related mechanisms
may differentially influence gaze behavior across groups (Cuve et al., 2018).

Previous research in healthy adults has demonstrated that individuals exhibiting stronger cortisol
responses to acute social stress tended to avoid eye gaze (Vatheuer et al., 2021). Similarly, in our study, individuals
in the control group with higher cortisol reactivity fixated less on the eyes. This could reflect a maladaptive stress
response, which reduced the propensity to engage in direct eye gaze, potentially indicating hyperarousal-induced
gaze avoidance. Conversely, those with lower cortisol responses may have exhibited a more optimal level of
arousal, facilitating social attention. In contrast, in the ASD group, individuals with lower cortisol reactivity may
have been in a state of hypo-arousal induced indifference, corresponding to the baseline reduction of eye contact
often observed in ASD. Increased social gaze in ASD participants with higher cortisol reactivity may thus reflect
more optimal levels of arousal, facilitating social attention. This would suggest that moderate activity of the HPA
axis is indeed adaptive and facilitates social attention in ASD.

The differential association between cortisol reactivity and eye gaze in ASD versus control participants
may also implicate the k-opioid receptor (KOR) system. KORs, primarily activated by dynorphins, are known to
modulate stress responses through their interaction with the HPA axis (Bruchas et al., 2010; Knoll et al., 2011). In
rodent models, KOR antagonism facilitates social interaction, particularly following stress exposure (Lalanne et
al., 2017; McLaughlin et al., 2006). In humans, naltrexone has been shown to increase attention to emotional facial
expressions, an effect potentially mediated by KOR antagonism (Wardle et al., 2016). In our study, KOR
antagonism may have contributed to adaptive arousal and increased social attention in the ASD group, whereas in
controls, MOR antagonism may have induced a state of maladaptive hyperarousal and reduced gaze on the eye
region. While speculative, these findings raise the possibility that naltrexone differentially modulates stress and
attention across groups, potentially through divergent engagement of opioid receptor subtypes.

Lastly, like naltrexone, oxytocin also seems to have attenuated group differences, as no significant group
difference was observed under oxytocin administration. However, unlike naltrexone, oxytocin did not elicit
measurable changes in cortisol levels in our study, suggesting that its effects on social attention are unlikely to be
mediated by stress-buffering mechanisms. Instead, oxytocin may have selectively enhanced social motivation or
salience in the ASD group, consistent with previous research reporting increased attention to the eye region
following oxytocin administration in individuals with ASD (Auyeung et al., 2015). Such an interpretation would
be in line with models proposing context- and trait-dependent effects of oxytocin on social attention.

In summary, group differences in social attention could have emerged as a function of cortisol-related
stress- and arousal, which were modulated by naltrexone. Naltrexone, via increased cortisol reactivity, may

differentially influence social attention in ASD and CTRL groups, potentially attenuating group differences in
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gaze behavior when no stress induction paradigm is administered. However, further research is needed to clarify
the mechanisms underlying these interactions, including the distinct contributions of p- and k-opioid receptor
systems and interindividual differences in stress responsivity. Pharmacological studies incorporating stress
induction paradigms may help to disentangle these effects and help characterize how opioid and oxytocin

modulation shapes social attention in ASD and neurotypical populations.
Limitations

Some limitations of the study also need to be taken into account. First, the oxytocin dosage of 10 IU could
have been too low: An interactive effect of oxytocin and naltrexone on social attention was demonstrated using 24
IU in macaque monkeys (Dal Monte et al., 2017). While some studies suggest low doses of 8 IU oxytocin to be
effective in eliciting effects at the neural level (Quintana et al., 2016), 10 IU may not have been the optimal dosage
for our design. Future dose-response studies could help to determine an efficient dosage in naturalistic eye tracking
studies. Second, drugs were administered via different routes: oxytocin was delivered nasally via a nebulizer, while
naltrexone was delivered orally in pill form. Interactive effects of both drugs should occur in the central nervous
system regardless of administration route. However, despite efforts to account for differences in uptake and time
to reach peak plasma concentrations, these factors may have contributed to missing medication effects.

Additionally, there is substantial variability in individual sensitivity to both oxytocin and naltrexone,
influenced by factors such as baseline oxytocin levels, opioid receptor density, and genetic polymorphisms in the
oxytocin receptor gene (OXTR) or p-opioid receptor gene (OPRM1) (Kumsta & Heinrichs, 2013; Troisi et al.,
2011). Future studies could include genetic analyses to account for some of these factors. Furthermore, comorbid
conditions and medication use in the ASD group could have interacted with or masked pharmacological effects.

Lastly, this study focused on investigating gaze behavior and trait measures of participants. However,
social gaze is inherently bi-directional (Cafigueral & Hamilton, 2019). This problem is akin to the double empathy
problem, which suggests that difficulties in social interactions arise not solely from the individual with ASD but
from a mismatch between both interaction partners (Milton, 2012). To get a full picture of the interaction, both
partners would need to be examined. Some studies have already employed dual eye tracking approaches to examine
mutual gaze behavior of both interaction partners (Macdonald & Tatler, 2018; Mayrand et al., 2023; Rogers et al.,
2018). A promising direction for future research is the application of non-invasive methods to measure gaze
behavior in both participants while also capturing trait measures of the interaction partner, such as AQ or SIAS
scores (Vehlen et al., 2021). Ensuring non-invasiveness is particularly important, as the presence of a head-worn

eye tracker on the interaction partner may alter natural gaze behavior (Cailigueral et al., 2018).
Conclusions

To conclude, our results demonstrate both ASD and autistic traits consistently relate to atypical gaze
patterns in naturalistic social interactions. This extends the literature on social attention, which has so far largely
relied on screen-based tasks. The reduction of group differences in medication conditions aligns with a growing
body of research suggesting that the behavioral effects of single doses of oxytocin and naltrexone in naturalistic
social contexts may be more subtle than in controlled experimental settings. This raises the possibility that group
differences in naturalistic settings may be attenuated under pharmacological modulation, rather than eliminated or
reversed. Moreover, it suggests that effects observed in controlled paradigms may not fully translate to dynamic,

realistic interactions.
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At the same time, this study provides initial evidence that gaze behavior may be shaped by a complex
interplay of social reward processing mediated by opioids and oxytocin as well as stress- and arousal-related
mechanisms, which may not be fully captured in traditional screen-based paradigms. The observed effects of
cortisol on social gaze further highlight the need to consider stress and arousal when investigating social attention
in ASD. Future research should build on this approach by incorporating stress induction paradigms or non-invasive
dual eye-tracking methodologies to explore the dynamics of social gaze and its responsiveness to pharmacological

interventions in real-world settings.
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6 Supplementary Material

Fixation Duration

As an alternative approach to our preprocessing and analysis of eye tracking data, we also investigated
an alternative dependent variable, specifically the percentage of total fixation duration on each AOI. This analysis
mirrored the main analysis reported in the main paper: A significant group by AOI interaction was observed,
F(3,979) =8.35, p <0.001, with post-hoc tests indicating significant group differences for the eye (#(619) =—2.86,
p = 0.004) and background regions (#(618) = 3.92, p <0.001). No interaction with medication was observed (p >
0.05), but group differences were again most prominent for the PLA/PLA condition, where ASD participants

fixated significantly less on the eyes compared to controls (#(979) = —2.30, p = 0.022).
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Figure S1 - Fixation rates on different areas of interest (AOls) across menstrual phases in the ASD and control (CTRL)
groups. AOIs include the eyes, mouth, face, and background. Fixation patterns varied slightly across phases, but no
significant main effects or interactions with menstrual phase were observed. Error bars represent standard errors of the mean
(SEM).

Menstrual Phase (SM1)

Running an LMM with menstrual phase as an additional predictor (model S1) did not reveal any
significant main (F(3, 246) = 0.248, p = 0.86) or interactive effects (all p > 0.05) of menstrual phase with group
or medication. Similar to the main analyses, the only significant effects were AOI (F(3, 232) = 53.4, p <0.0001)
and the AOI X Group interaction (F(3, 232) = 2.927, p = 0.035). This suggests that different phases of the
menstrual cycle did not significantly influence fixations on the eyes, nor did they impact medication effects. In
contrast, group differences in fixations on the eyes and background when collapsing over menstrual phases were

significant (see Figure S1).
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In summary, the control analysis with menstrual cycle suggested no effect of menstrual cycle phases on
group differences or medication effects. Group differences for the eye region were significant, similar to our main
analysis. Thus, although fluctuations of oxytocin over the menstrual cycle have been reported, they did not

significantly increase or decrease the effect of oxytocin in our study.

asp [Jj ctRL
Eyes Mauth
1.51
1.01
051 I I
=
o 0.01
&
[ Face Background
=l
g 1.51
& I I I I
1.01
0.01

Follicular Luteal Menstrual Ovullaiory Follicular Luteal Menstrual Ovu\'alory
Phase

Figure S2 - Fixation rates on different areas of interest (AOls) across menstrual phases in the ASD and control (CTRL)
groups. AOIs include the eyes, mouth, face, and background. Fixation patterns varied slightly across phases, but no
significant main effects or interactions with menstrual phase were observed. Error bars represent standard errors of the mean
(SEM).

Sympathy ratings

Sympathy ratings were measured using a questionnaire where participants evaluated the experimenter on
four dimensions. One item was used for each dimension. Specifically, participants were asked whether the
experimenter seemed to be an interesting, good, kind and open-minded person. Each item was rated on a 7-point
scale, ranging from "not at all" to "very much." For use as a control variable in statistical analyses, the mean of
these measures over all sessions was used as a measure of sympathy, i.e. how sympathetic the experimenter was

perceived during the experiment.
Fixation Time Course

For exploratory purposes, longitudinal plots of fixations were created to investigate the time course of
fixations to AOIs for each subject in real-time. These plots suggest relative stability of gaze behavior over

interview time for a majority of subjects. An exemplary plot for a single ASD subject is provided in Figure S3.

101



Fixation Timecourse ASD subject

¥

78

Fixation Rate (Hz)
§

Time (s)

Figure S3 - Longitudinal plot of a single ASD subject, depicting fixations rates over time on different AOIs. The subject is

rarely fixating on the eyes during the entire interview. Fixation rates were binned at 1s time intervals.
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Interview Questions

Instructions for the participant (guideline):

“We are now going to have a short conversation. Please make yourself comfortable, so you will be able to sit in

the same position for the next few minutes. Please try to avoid large movements of your head, but small movements

like nodding are ok. I will ask you a couple of questions and later on, you will have the opportunity to ask me

some questions as well. The idea is to have as relaxed and natural a conversation as possible. If you are ready, I

will now start with the first question.”

Interview Questions.

11.
12.
13.

Did you sleep well last night?

Did you dream about anything?

Have you eaten at a restaurant in the past week?
Were you out in nature last week?

Have you read a book in the past week?

Did you watch a movie or TV show recently?

What did you do last weekend?

Could you tell me what you plan to do next weekend?

What was the most interesting event you experienced in the past week?

. When you woke up this morning, were you looking forward to participating in this study, or did it feel

more like an obligation?
Could you tell me about your journey to the lab, did anything interesting happen on the way?
How did you feel after receiving the medication?

Do you have any questions you would like to ask me?

103



GENERAL DISCUSSION
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1 Summary of Thesis Goal and Theoretical Framework

The overarching goal of this thesis was to investigate how specific neurobiological systems shape social
behavior, with a particular focus on the interactive effects of opioids and oxytocin. Existing theories have either
proposed that social behavior is governed by domain-specific systems, e.g. as suggested by the social motivation

and social brain hypotheses (Chevallier et al., 2015; Frith, 2007) or by more general reward-related mechanisms,

Furthermore, predictive coding theories propose that ASD involves alterations in how sensory information and
prior expectations are integrated, with competing accounts emphasizing different parameters and levels of the
their interactions in shaping social attention and social learning.

Another important goal of this thesis was to introduce methodological innovations across three levels.
First, while reduced attention to the eye region in ASD has consistently been demonstrated in screen-based settings,
experiments in naturalistic contexts remain scarce. Furthermore, learning tasks often rely on stimuli that differ
substantially in low-level visual features at which differences in perceptual processing are often assumed to arise
in ASD. Third, interactive pharmacological studies targeting social behavior in humans are rare. To address these
gaps, this thesis comprises three empirical studies: (1) a naturalistic eye tracking study capturing gaze behavior
during a realistic social interaction, combined with computer vision-based face detection algorithms (2) a
computational modeling study applying a Rescorla-Wagner reinforcement learning model to choice behavior in
social and non-social contexts using facial point-light displays (PLDs); and (3) a double-blind, placebo-controlled,
pharmacological study involving the administration of oxytocin and naltrexone, assessing social gaze in both
neurotypical individuals and participants with ASD.

By combining ecologically valid behavioral paradigms, computational modeling, and pharmacological
interventions, this thesis aimed to advance our understanding of the neurobiological and computational
mechanisms that govern social attention and learning, and how these mechanisms may be altered in individuals

with ASD.

2 Main Findings

Chapter 1 consisted of a proof-of-concept for studying social attention in naturalistic settings using mobile
eye tracking and automated face detection. In contrast to traditional screen-based paradigms, this study captured
gaze behavior during a live, face-to-face interview, employing a head-mounted eye-tracking system in combination
with a convolutional neural network (MTCNN) for real-time face and facial landmark detection. Participants
completed a semi-structured interview while their gaze was recorded and analyzed frame-by-frame with respect
to automatically defined areas of interest (AOlIs), including the eyes, mouth, and background.

Analyses revealed a significant negative association between autistic traits as measured by the Autism

Spectrum Quotient (AQ) and fixation rates to the eye region. This effect persisted across the duration of the
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interaction and was not limited to specific question types or interaction phases. In contrast to some previous
findings, no significant increase in gaze on mouth was observed for participants with high AQ scores.

By demonstrating that naturalistic gaze patterns can be quantified with minimal manual coding, this study
demonstrates the feasibility and validity of combining mobile eye tracking with computer vision approaches. It
provides a scalable paradigm for investigating social attention under conditions that more closely approximate
real-life social interactions.

Chapter 2 examined whether autistic traits influence learning from social versus non-social feedback using
a computational modeling approach. Participants completed a probabilistic reinforcement learning task in which
feedback was provided through point-light displays (PLDs) depicting either facial expressions (social condition)
or abstract symbols (non-social condition) that were matched on low-level visual features.

Behavioral data were modeled using a Rescorla-Wagner reinforcement learning framework to estimate
latent parameters including learning rate (o) and reward sensitivity (p). Participants showed robust learning across
both conditions. Raw performance was marginally lower in the social condition across the full sample, but did not
significantly differ as a function of autistic traits. This suggests that learning from facial PLDs may have been
slightly harder overall, potentially due to the challenge of recognizing emotional expressions from PLDs.
Computational modeling further revealed that higher autistic traits were associated with reduced reward sensitivity
(p) in the win domain, indicating a diminished valuation of rewarding outcomes. This effect did not significantly
differ between social and non-social conditions.

As such, the findings do not provide strong evidence for the social motivation hypothesis, which would
predict a trait-related reduction in reward sensitivity specifically for social stimuli. Instead, the observed
attenuation in reward sensitivity may reflect a more general processing difference, possibly characterized by slower
integration of reward feedback as suggested by the slow updating hypothesis. However, it is important to note that
individuals with higher autistic traits may have relied on compensatory strategies employing explicit cognitive
effort rather than automatic processing of emotional facial expressions. Overall, results underscore the value of
computational modeling in detecting subtle individual differences and establish PLDs as a tool for disentangling
domain-specific from domain-general effects in social learning.

Chapter 3 investigated the interactive effects of oxytocin and opioid antagonism on social attention
employing the paradigm developed in chapter 1. Participants completed four testing sessions involving
combinations of intranasal oxytocin and oral naltrexone. Salivary cortisol served as a marker of HPA axis activity.

Contrary to our hypotheses, no significant main effects of medication were observed on gaze to the eye
region across the full sample. However, exploratory analyses revealed that group differences between ASD and
neurotypical participants were most pronounced under placebo and appeared attenuated under pharmacological
manipulation. Critically, cortisol responses to naltrexone were differentially related to social gaze between groups:
in the ASD group, higher cortisol levels were associated with increased fixations to the eyes, whereas in controls,
the opposite pattern was observed. These opposing associations point to different stress- or arousal- related
mechanisms under opioid antagonism in ASD versus neurotypical individuals.

This study represents the first attempt to simultaneously target the opioid and oxytocin systems in humans.
While behavioral gaze outcomes remained largely stable across medication conditions, a robust group difference
in social gaze emerged. This effect mirrors findings from Chapter 1, where autistic traits related to reduced

fixations on eyes, and provides encouraging evidence for the sensitivity of the naturalistic paradigm developed in
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this thesis. Together, these findings underscore the relevance of opioid-oxytocin-HPA axis interactions for future
models of social attention in ASD and support the utility of naturalistic experimental designs in social

neuroscience.
Integration Across Studies

Taken together, the three studies in this thesis converge on a consistent pattern: individual differences in
autistic traits and clinical diagnoses of ASD are reliably associated with reduced eye-directed gaze during
naturalistic social interaction, which validates the eye-tracking paradigm developed here as a sensitive tool for
capturing social gaze. In contrast, Chapter 2 revealed no selective impairments in social learning performance, but
computational modeling uncovered a subtle reduction in reward sensitivity among individuals with higher autistic
traits. This finding can be interpreted as suggestive of domain-general processes, rather than selective social
motivational differences underlying autistic traits. Consequently, reduced eye gaze in ASD may not be fully
attributable to diminished social reward value but could instead arise from broader alterations in reward sensitivity.
However, further research explicitly testing this assumption is necessary before making final conclusions.

The interpretation that reduced social gaze in ASD does not primarily reflect a deficit in social motivation
is further supported by findings from Chapter 3. Although pharmacological manipulation of the oxytocin and
opioid systems did not yield robust main effects on gaze behavior, it elicited distinct cortisol responses that
interacted with social gaze differently across groups. These results highlight the role of stress- and arousal-related
mechanisms in shaping social attention and suggest that, in naturalistic settings, social gaze may not be exclusively
governed by reward-related processes. Notably, although large group differences in social anxiety were observed,
these did not mediate social gaze. This can be regarded as an argument against the notion of hyperarousal-induced
gaze avoidance in ASD. Instead, the results are more consistent with a model of gaze indifference, modulated not
only by motivational aspects, but also by optimal levels of arousal. This perspective aligns with theories
emphasizing the initial state of the individual and the interplay of reward-processing with other systems, proposed
by the state-dependent SOMSOM model by Leseth et al and by the p-receptor balance model by Pellissier and

colleagues.
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3 Theoretical Implications and Scientific Contributions
Social Motivation Hypothesis

The present findings provide only limited support for the social motivation hypothesis. While reduced
eye-directed gaze was consistently observed in relation to autistic traits and diagnostic status, the underlying
mechanisms identified here suggest that this reduction may not stem from a selective deficit in social reward
processing. In Chapter 2, reduced reward sensitivity associated with autistic traits did not interact with the social
nature of the feedback stimuli, arguing against a domain-specific motivational deficit. Similarly, in Chapter 3,
pharmacological manipulation of the oxytocin and opioid systems did not elicit main effects on social gaze
behavior, further weakening the notion that neurobiological systems associated with social reward are the primary
driver of atypical gaze patterns in ASD. Instead, results point to a broader, domain-general alteration in reward
sensitivity and arousal regulation mechanisms. Although we do not refute the relevance of social reward
processing, our results suggest that models focusing exclusively on motivation may overlook important
modulatory processes, particularly in naturalistic contexts, where stress and arousal-related mechanisms may exert

an important influence.
Predictive Coding Framework

The results also have implications for predictive coding accounts of ASD, which propose that autistic
individuals may process sensory information and priors differently, leading to altered learning and adaptation.
While the current experiments were not designed to model hierarchical precision weighting, the behavioral and
computational data from Chapter 2 are more consistent with the slow updating hypothesis than with the notion of
weak priors. Specifically, the reduced reward sensitivity observed in individuals with higher autistic traits may
reflect less flexible integration of feedback over time, in line with accounts positing slower error correction and
diminished trial-by-trial updating. Notably, this effect emerged across both social and non-social learning
conditions, lending support to domain-general, rather than domain-specific, predictive processing differences in

ASD.
Opioid and Oxytocin Interactions

A central aim of this thesis was to investigate how oxytocin and opioids interact to shape social behavior. While
previous studies have often focused on these systems in isolation, the current work represents one of the first
attempts to assess their combined effects in humans. The findings from Chapter 3 did not reveal direct effects of
either oxytocin or opioid antagonism on gaze behavior. However, exploratory analyses uncovered cortisol
responses under naltrexone and opposing associations with cortisol across groups. These differential patterns
suggest that the opioidergic system may partially influence social gaze via its role in stress- and arousal regulation.
Importantly, baseline social gaze differences (mirroring those in Chapter 1) were attenuated by pharmacological
modulation. This attenuation may reflect a shift in internal state, suggesting that individual differences in stress or
arousal levels play a role in shaping the behavioral impact of pharmacological interventions. This interpretation
aligns with theoretical frameworks that emphasize state-dependency, such as the SOMSOM model and the p-
balance model, which propose that the effects of opioid system activity on social behavior are dependent upon the
individual’s initial physiological or motivational state. For example, the SOMSOM model predicts that when in

distress, opioid antagonists exacerbate distress and increase social seeking, while the same manipulation leads to
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a state of relative indifference and reduced social exploration when in a neutral state. The balance model by
Pellissier et al. further suggests that both excessive and deficient opioid activity can disrupt the balance between
approach and avoidance systems, particularly under stress, where a hyperactive avoidance system may dominate
and suppress social exploration. Importantly, our results may suggest different baseline states across groups during
the experiment: In the ASD group, higher cortisol reactivity was associated with increased fixations on the eyes,
possibly indicating a shift from a hypoaroused or socially indifferent baseline to a more optimal level of arousal
that facilitated social attention. In contrast, in the control group, higher cortisol was linked to reduced eye contact,
consistent with stress-induced gaze avoidance and a potential state of hyperarousal. While this interpretation
remains speculative, the results presented here point to differential social effects of opioid antagonism across

groups via stress and avoidance, which should be further explored in future studies.
Methodological Innovations

This thesis also introduces several methodological advances. First, a novel naturalistic eye-tracking
paradigm was developed, involving semi-structured face-to-face interviews paired with computer vision-based
face detection. This approach enabled quantification of gaze behavior to socially relevant areas of interest (AOls)
without the need for labor-intensive manual coding. This approach advances the methodology in social
neuroscience towards more naturalistic experimental designs, offering a scalable method to capture gaze behavior
in real-life social contexts, an essential step for identifying social differences in ASD that may not emerge under
artificial laboratory conditions. Second, the reinforcement learning task employed point-light displays (PLDs),
allowing for the comparison of social and non-social conditions while matching stimuli on low-level visual
features. This controlled for perceptual confounds often present in previous studies and enabled a more precise
assessment of domain-specific versus domain-general learning processes. Third, the pharmacological study
combined the administration of oxytocin and the opioid antagonist naltrexone in a double-blind, placebo-controlled
design. To our knowledge, this represents the first attempt to simultaneously explore oxytocinergic and opioidergic

mechanisms.
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4 Limitations and Future Directions
Eye Tracking

While the use of head-mounted eye tracking during live interaction increases ecological validity, it

such setups are relatively rare due to technological challenges. For example, remote eye trackers require
participants to maintain a stable head position within a limited tracking area and precision degrades significantly
when participants move away from optimal positioning. Consequently, most studies investigating real-life social
interactions prefer head-mounted eye trackers, which offer greater flexibility and accuracy in dynamic settings.
Nonetheless, further development of non-invasive, table-based solutions could prove valuable for expanding the
ecological validity of social neuroscience paradigms.

Moreover, although the present paradigm captured gaze to facial regions using automated AOI tracking,
it did not account for finer-grained dynamics of social interaction, such as the content of the conversation.
Advances in natural language processing now also allow for content analysis, i.e. via large language models, which
could be used to assess the semantic and affective content of dialogue in real time, segment the interview
accordingly, and investigate gaze behavior during different topics or affective content. Similarly, emotional
expression analysis via emotion recognition algorithms represents a feasible extension of the face detection
algorithm presented here. Capturing the onset of emotional expressions, such as smiles, during the interaction and
applying lag-sequential or temporal synchrony analyses may yield a more fine-grained understanding of the
reciprocal dynamics of social interactions. Additionally, the questions used here were not drawn from well-
established protocols. Future studies could benefit from adopting validated semi-structured interaction procedures,
analogous to how the Trier Social Stress Test (TSST) standardizes social stress induction, with the “fast friends”

Furthermore, complementing cortisol sampling with psychophysiological measures (e.g., heart rate
variability, electrodermal activity) would allow to infer the participants’ autonomic state during the interaction and
test how internal arousal relates to gaze behavior. Subjective reports on interaction quality may also help to address

the debate on gaze aversion and indifference (Moriuchi). Prior qualitative work suggests that individuals with ASD

spectrum. Finally, this study examined only unidirectional gaze behavior and did not account for the bidirectional
nature of real-world social interactions. Akin to the “double empathy problem” (Milton, 2012), which underscores
the importance of the alignment or mismatch between differing personality traits and cognitive styles, it is critical
to consider the characteristics and behaviors of both interaction partners. Future studies may benefit from

incorporating dual eye tracking and collecting data from both interaction partners, thereby enabling a truly
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Learning

The reinforcement learning task with social and non-social point-light displays (PLDs) is subject to
several limitations as well. First, we did not incorporate a hierarchical Bayesian learning framework (e.g.,
Hierarchical Gaussian Filter) or manipulate volatility (shifts in underlying reward probability) which could have
provided a more detailed account of belief updating under uncertainty. Though some hypotheses derived from the
predictive processing account presume learning atypicalities in ASD at lower levels of the learning hierarchy (i.e.
weak priors hypothesis, slow updating hypothesis), several studies emphasize that learning differences may occur

Second, while PLDs offer control over low-level visual features, they lack ecological validity and may
not evoke sufficiently strong or affectively rich social cues to elicit robust group differences. This limitation may
prompt participants to engage more cognitive, top-down learning strategies, potentially obscuring the influence of
autistic traits on social learning. It further raises the question of whether more realistic or emotionally engaging
stimuli, such as videos of facial expressions, could yield stronger effects. In the pharmacological experiment
presented here, data was also collected using a learning task featuring realistic facial expressions and complex,
fractal-like stimuli as social and non-social feedback. Analysis of this data is scheduled for the near future and may
help address this question.

Third, linking computational learning parameters (e.g., learning rates, reward sensitivity) to real-life
social attention remains difficult. Bridging this gap may require paradigms that embed learning mechanisms within
interactive social contexts. A promising approach to addressing this limitation lies in the integration of eye-tracking
and realistic social stimuli in learning tasks to relate internal model updates (e.g. prediction errors) to social
attention.
observational learning task in which participants watched animated agents perform goal-directed actions. The task
was designed to infer the agents’ hidden goals, allowing for model-based estimation of prediction error signals
during action observation. Eye-tracking was used to quantify attention to task-relevant cues (e.g., the agent’s hand
or goal object), thereby linking gaze patterns to the process of updating beliefs about others’ intentions. Autistic
participants showed different eye movement patterns and altered learning dynamics, suggesting alterations in how
used an action-learning paradigm in infants and young children, where participants observed human agents
reaching for objects in a naturalistic setting. Eye-tracking data were analyzed in relation to the predictability and
informativeness of the observed actions, providing an implicit measure of learning. Although computational
modeling was not applied in full, gaze behavior served as a proxy for updating social expectations, suggesting a
framework through which attention and learning could be coupled more tightly.

Together, these studies illustrate how realistic social stimuli and gaze behavior can be combined to
operationalize learning processes in a way that better approximates real-world social cognition. Such studies
represent a promising approach toward capturing how internal prediction mechanisms may support social attention

in naturalistic interactions.
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Pharmacology and Physiological Measures

Several limitations should further be noted regarding the pharmacological design. Most importantly, the
oxytocin dose used in this study (10 IU via nebulizer) was lower than the conventional 24 IU frequently used in

intranasal oxytocin studies. This choice was motivated by dose-response studies, which reported greater efficacy

oxytocin may increase the likelihood of cross-activation of vasopressin receptors, particularly under conditions of
opioid receptor blockade. Nevertheless, it remains uncertain whether 10 IU was sufficient to influence naturalistic
social gaze in the current setup. A dose-response study investigating effects on social behavior under naturalistic
conditions could help determine the optimal dosage for our design.

Furthermore, the route of administration differed between the two compounds, with oxytocin delivered
intranasally and naltrexone administered orally. Animal studies examining combined effects on social attention
employed intranasal delivery of both oxytocin and naloxone (an opioid antagonist delivered intranasally) thereby
harmonizing administration routes and potentially enhancing simultaneous central bioavailability (dal monte
study). Translating this approach to human research may offer methodological advantages by minimizing
confounds due to route-specific differences in absorption or onset of action. Future studies could consider
simultaneous intranasal delivery of naloxone and oxytocin to facilitate direct comparisons and improve
interpretability of combined pharmacological effects.

Additionally, pharmacodynamic responses likely vary as a function of genetic variability (e.g., OXTR or
OPRMI1 polymorphisms), which were not assessed in this study. Variants of receptor-coding genes, such as the A
allele of OXTR, as well as the G allele of OPRM1 (A118G), have been associated with altered social behavior and
from saliva samples) to identify subgroups in neurotypical and ASD participants that may differ in their
responsiveness to oxytocin or opioid antagonists.

Regarding the measurement of HPA axis activity, the number of sampling points was limited, which
restricted the ability to capture dynamic fluctuations in stress reactivity. Future studies should include more
frequent cortisol sampling to better characterize temporal patterns of hormonal response. With more sampling
points, measures such as the area under the curve with respect to increase (AUCi) or the MinMax approach could
provide a more robust assessment of cortisol reactivity. Additionally, collecting a later baseline measure could help
ensure that participants are in a relaxed state, as they may experience elevated arousal upon arrival at the lab. The
absence of an explicit stress induction paradigm further limits the interpretability of cortisol levels and the context
in which pharmacological effects occurred. Future studies could examine how acute social stress, i.e. via the TSST,

modulates gaze behavior and interacts with pharmacological interventions.
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5 Conclusion

This thesis set out with the premise that sociality is deeply embedded in the central nervous system and
that targeted neurobiological manipulation can help to uncover the mechanisms which govern it. I aimed to address
this by drawing on several lines of research, including reward processing and motivation, the common currency
hypothesis, the social motivation hypothesis, as well as predictive coding, computational modeling and
reinforcement learning, alongside state-dependent models of opioidergic effects. A central goal was to advance the
methodological toolkit of social neuroscience by developing naturalistic paradigms that move beyond artificial,
screen-based settings which may fail to capture the complexities of real-life social behavior.

A major finding of this thesis is that social gaze in ASD differs reliably from neurotypical controls during
real-life social interaction, and that these differences can be robustly measured using naturalistic paradigms. This
underscores the importance of grounding social neuroscience in methods that test the predictions of
neurobiological models within realistic contexts. Without such efforts, theories built on artificial tasks and highly
controlled laboratory settings risk limited generalizability to real-world social behavior, ultimately constraining
both theoretical progress and translational impact.

Many open questions remain, and new ones have been raised. For instance, the lack of a main effect of
oxytocin and opioid does not refute the involvement of reward-related processes in social behavior. Additionally,
although findings regarding the social effects of opioids and oxytocin may sometimes have been inconsistent or
overstated in the literature, it is unlikely that they exert no influence on social behavior at all. Rather, further
extensions and refinements of the paradigms developed here are needed to explore the precise conditions under
which these systems modulate social attention and learning, and to determine whether social differences in ASD
reflect truly social impairments or more domain-general alterations in reward sensitivity and arousal regulation.

Furthermore, while the findings offer some evidence challenging the social motivation hypothesis, they
also highlight the need for further extensions of prediction and learning paradigms. Predictive processing is often
operationalized in very artificial experimental designs and the implications for real-life social differences observed
in ASD are questionable. In general, within the predictive processing framework, it would be important to move
beyond narrow operationalizations of prediction and learning and instead connect theoretical constructs to
observable social behavior with clinical relevance. While this thesis sought to bridge the gap between predictive
coding and naturalistic social attention, two domains with profound mutual implications that are rarely examined
together, fully integrating eye tracking as a measure of learning and prediction in realistic social contexts would
be necessary to truly connect these domains.

Lastly, the overarching goal of ASD research should not be limited to identifying the causes of social
differences, but must extend to improving the lives of individuals who face social challenges. While uncovering
the mechanisms underlying social differences is important to address where support is needed and how it can be
provided, many people within the autistic community advocate for a shift in focus: away from pathologizing
differences, and toward understanding how social environments can be adapted to support diverse social needs.
Variability in social behavior is a natural and expected part of a continuous spectrum that encompasses the full
range of human experience, one that follows a normal distribution rather than a binary divide. Furthermore, science
itself is a fundamentally social activity, and its goals are shaped largely by the societies in which it is embedded.
Understanding and supporting diverse social needs is therefore not only a scientific task but itself a social one.

This thesis aimed to have made a modest contribution to that collective effort.
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Abstracts

English abstract

Autism spectrum disorder (ASD) is characterized by profound difficulties in social interaction and communication.
Despite substantial efforts, underlying neurobiological mechanisms remain poorly understood and clinical
interventions to alleviate social symptoms are limited. One prominent line of research has focused on the role of
the endogenous opioid system in regulating social behavior and bonding. According to the Brain Opioid Theory
of Social Attachment (BOTSA), excessive opioid activity may suppress social motivation in ASD, a mechanism
that could be pharmacologically targeted via opioid antagonists such as naltrexone. However, larger clinical trials
with naltrexone have produced inconsistent findings. A more recent perspective emphasizes the interaction
between opioids and the neuropeptide oxytocin, a hypothalamic nonapeptide that acts both peripherally as a
hormone and centrally as a neuromodulator, and has similarly been implicated in the regulation of social behavior.
The major goal of this thesis is to investigate how interactions between opioid and oxytocin modulate social
motivation and attention in ASD. The work builds on theoretical frameworks from social attention, reinforcement
learning, and predictive processing, and combines mobile eye tracking, pharmacological intervention, and
computational modeling. Across three empirical studies, I addressed important limitations in the existing literature:
the over-reliance on screen-based paradigms in social attention research, ambiguity regarding the domain-
specificity of social learning differences in ASD and the limited investigation of neurochemical interactions. In the
first study, eye-tracking data were collected during naturalistic, face-to-face conversations using mobile eye
tracking and computer vision—based face detection. Autistic traits were negatively associated with eye-directed
gaze, supporting the ecological validity of this approach. The second study employed a reinforcement learning
paradigm using point-light displays (PLDs) of social and non-social stimuli. Computational modeling was based
on an extended Rescorla-Wagner framework including a reward sensitivity parameter. Higher autistic traits were
associated with reduced reward sensitivity across both social and non-social conditions. This finding suggests a
general learning alteration rather than a domain-specific social deficit. The third study explored the interactive
effects of naltrexone and oxytocin on social gaze in individuals with and without ASD. Although overall drug
effects were subtle, group differences in eye-directed gaze were attenuated under pharmacological modulation.
Furthermore, cortisol responses to naltrexone were differentially associated with gaze behavior across groups:
higher cortisol was linked to increased social gaze in ASD, but decreased gaze in neurotypicals. These opposing
patterns suggest that opioidergic modulation of social attention may be mediated, at least in part, by interactions
with the hypothalamic-pituitary-adrenal (HPA) axis. Taken together, this work advances our understanding of the
neurobiological mechanisms underlying social motivation in ASD and contributes important methodological

innovations for future research.
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German Abstract

Autismus-Spektrum-Stérungen (ASS) sind durch tiefgreifende Beeintrachtigungen in der sozialen Interaktion
gekennzeichnet. Trotz intensiver Forschungsbemiihungen sind die zugrunde liegenden neurobiologischen
Mechanismen bislang nur unzureichend verstanden und die therapeutischen Méglichkeiten zur Unterstiitzung bei
sozialen Beeintrachtigungen sind begrenzt. Ein zentraler Forschungsansatz befasst sich mit der Rolle des
endogenen Opioidsystems in der Regulation von Sozialverhalten und Bindung. Das Opioidsystem ist nicht nur fiir
Schmerzregulation und Belohnungsverarbeitung entscheidend, sondern spielt auch eine wichtige Rolle bei der
sozialen Motivation. Basierend auf Tiermodellen und der Brain Opioid Theory of Social Attachment (BOTSA)
wurde bisher angenommen, dass eine libermafBlige Opioidaktivitdt bei ASS zur Reduktion sozialer Motivation
beitragen konnte, ein Mechanismus, der durch Opioidantagonisten wie Naltrexon pharmakologisch modulierbar
wire. GroBere klinische Studien mit Naltrexon lieferten bislang jedoch teilweise widerspriichliche Ergebnisse. Ein
neuerer Ansatz betont die Wechselwirkung von Opioiden mit dem Neuropeptid Oxytocin. Oxytocin ist ein im
Hypothalamus gebildetes Nonapeptid, das peripher als Hormon und zentral als Neuromodulator wirkt. Es wird
ebenfalls mit der Regulation von Sozialverhalten und Bindung in Verbindung gebracht. Ziel dieser Arbeit ist daher,
zu untersuchen, wie die Interaktion zwischen dem Opioid- und dem Oxytocin-System soziale Aufmerksamkeit
und Motivation bei ASS beeinflusst. Theoretisch stiitzt sich die Arbeit auf Konzepte der sozialen Aufmerksamkeit,
des Verstarkungslernens und des predictive processing Ansatzes. Methodisch wurden Eye-Tracking sowie
Computational Modeling verwendet. Durch drei empirische Studien wurden wesentliche Probleme in der
bestehenden Forschung aufgegriffen: Die vorherrschende Nutzung bildschirmbasierter Experimente in der
Erforschung sozialer Aufmerksamkeit, die Frage nach der Spezifitit von Lernunterschieden bei ASS sowie die
bislang wenig erforschte Interaktion neurobiologischer Systeme. In der ersten Studie wurde das Blickverhalten
von Teilnehmern wihrend natiirlicher Gespriche mittels mobilem Eye-Tracking und automatischer
Gesichtserkennung mit Computer-Vision-Algorithmen erfasst. Im  Vergleich zu herkémmlichen
bildschirmbasierten Laborexperimenten erlaubt das naturalistische Design eine 6kologisch validere Erfassung von
sozialer Aufmerksamkeit. Autistische Personlichkeitsmerkmale waren hierbei negativ mit Fixationen auf die
Augenregion korreliert, was die Sensitivitit des experimentellen Paradigmas fiir Unterschiede im Blickverhalten
unterstreicht. Die zweite Studie untersuchte Verstirkungslernen mit Point-Light-Displays (PLDs). Um
Unterschiede in der sensorischen Verarbeitung zu minimieren, wurden soziale und nicht-soziale
Belohnungsstimuli erstellt, die hinsichtlich grundlegender visueller Eigenschaften aufeinander abgestimmt waren.
Computational Modeling erfolgte auf Basis von Rescorla-Wagner-Modellen, wurde jedoch um den zusétzlichen
Parameter der Belohnungssensitivitit (reward sensitivity) erweitert. Es zeigte sich, dass hohere Ausprigungen
autistischer Merkmale unabhingig vom sozialem Inhalt der Stimuli mit einer reduzierten Belohnungssensitivitét
einhergingen. Dies ist eher mit allgemeinen Lernunterschieden vereinbar als mit einer selektiven sozialen
Lernbeeintrachtigung. In der dritten Studie wurden die kombinierten Effekte von Naltrexon und Oxytocin auf das
soziale Blickverhalten bei Personen mit und ohne ASS untersucht. Zwar zeigten sich keine signifikanten
Haupteffekte der pharmakologischen Bedingungen, jedoch reduzierten sich Gruppenunterschiede im
Blickverhalten. Zudem zeigten sich unterschiedliche Zusammenhénge zwischen Cortisolreaktionen auf Naltrexon
und Blickverhalten in beiden Gruppen: Wihrend ein hoherer Cortisolanstieg mit erhdhter sozialer Aufmerksamkeit
bei Personen mit ASS einherging, war derselbe Effekt bei Kontrollpersonen negativ. Die Ergebnisse legen nahe,

dass Opioide und Oxytocin gemeinsam (moglicherweise {iber Interaktionen mit der Hypothalamus-Hypophysen-
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Nebennierenachse) soziale Aufmerksamkeit und Belohnungsverarbeitung bei ASS modulieren. Die vorliegende
Arbeit leistet damit einen Beitrag zum besseren Verstiandnis der neurobiologischen Grundlagen sozialer Motivation

und Aufmerksamkeit bei ASS und bietet methodische Impulse fiir zukiinftige Forschung.
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