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ABSTRACT

Impairments in emotion processing are one okhediagnosticsocial symptomsf autism.
Proposedxplanatorynechanismincludeatypical visual perceptual procesgesy, social
attention)andphysiologicalresponseto socioemotional stimulje.g.,otherp e o pfacesp s
However,experimental evidender theseprocesseblas beemighly equivoca) and
prevailing modeldhave beemnable toaccount fothe documentedndividual

differencesbserved in these processes.

Chapter 1 reviews the current conceptualisation of autism and outlinahdloeetical

context of my researclhighlighting ke hypothresesand mechanismsnderlying emotion
processing in autism which will be explored throughout the thiesgarticularthe potential
explanatory role ofhefialexithymiah y p o t Is discussedAlexithymia isa condition
frequentlyco-occurringwith (but not unique toautismand islinked toindividual

differencedn socioemotional processtdsat have been implicated in autism (e.g., social
attention, emotion processing, physiological respon3és thesis wilthereforeinvestigae

the contribution of alexithymia to several aspects of socioemotional functioning thought to be

linked to autism.

Chapter 2 investigated the spatiotemporal dynamics of gaze allocation to faces during
emotion processing tasks in autism afekithymig and contrasted traditionaocial

attention hypothes torecentapplicatiors of Bayesian accounts of autism to social attention
processesEvidence from traditional and novel methods revealed that atyyeajaze

during emotion processing is best predidby alexithymia in both autistic and nantistic
individuals.Specifically,alexithymia affected the neimear temporal patterns of gaze

allocation to faces angredictedreducedmodulation ofeye gazeo cued visual exploration



of emotionsThealexithymiaeffectis arguedo reflectimprecise emotion concepts and
priors forspatiotemporal dynamics of facial expressions. This proposal was supported
by threeadditional experiment® Chapter 3 linking alexithymia toatypicalmodulation of
social dtentionandemotion processinigy stimulusdynamics and bytask and emotion

relevantpriors.

Chapter 4 focused on exploring thaotential role of alexithymia in disrupting links between
physiologicalresponding anémotion processingroposed byrousalbasedmnodels of
autismand alexithymiaA novelapproacttapitalising on multimodal recording of
physiological responses, was used to charactengtvariateprofiles of physiological
mobilisation to emotions. This approguiovidedevidence fomlexithymig not autism

driven effects oratypicalphysiologicalmobilisationto emotionsand puts forth a novel
hypothesisvith implications forautonomic andhteroceptiveaccounts oflexithymia,autism

and emotion.

One remaining challenge to thkexithymia hypothesis has been the possibility that
alexithymiamaysimply reflectexpectedrariation within the already multifaceted
autismphenotypeln Chapter 5, two largescale studiesf clinical and norclinical samples
used confirmatoryactoranalysisand networkpsychometrianodellingto address

this remainingquestion Resultssuggestedeparateinderlying latent factors falexithymia
andautism as well aseparate clusterdf symptoms which highligled structural

anddimensimal distinctionsof thetwo conditions.

In Chapter 6, | discuss the implications of this body of work theoryandpracticeand
outline noveldirectionsfor researclon autism alexithymiaandsocioemotional processes
Combined, this body of wongrovides the most extensive test of the alexithymyjaothesis

andhighlightsthe specifiamnechanisrathrough which alexithymia affectciocemotional



processes in autisnihis work alsooffersa modelfor studyingtypical and
atypicalsocioemotionaprocesseand several methodologicahd conceptuadvancesvith

implications for basic and appliedsearcton socioemotional processes
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CHAPTER 1 - INTRODUCTION

1 CHAPTER 1. INTRODUCT ION

This thesis presengsseries of studiesxploringsocioemotional functioningn Autism

Spectrum Disordefhenceforth autism)Vith the application of recent methodological
advances, prevailing theoretical models are contrasted with emerging hgptohdentify

and describéhe mechanisms implicated in typical and atypical socioemotional functioning in

autism.

In this section, | begin with an overview of what autism will review the currentormal
conceptualisationf autism views onaetiology, diagnosis, and assessment. | will highlight
specific areas of the condition relating to socioemotional functiommgh thisthesis will
focuson andintroducethetheoretical framewokwhich will guidemost of the experimental

work discussethroughouthethesis.
1.1 What is Autism?

The firstmodern descriptiagof autismarelinked to Leo Kanne(Kanner, 1943andHans
Asperge(Asperger, 1938)Kanner's description of autism focused on emotional deficits
characteristic of both the patients and their fam{linner, 1943)whereas Aspergérs
descriptions were of intellectual gifts coupled with psychopdikéccharacteristics
(Asperger, 1938; Wolff, 2004)n the most recent version of the DSBMAPA, 2013),autism
is classified as aeurodevelopmental disorder definggtwo groups or clusters of

symptoms:

A. Persistent deficits in social communication and social interactiolhese may include

deficits in soabemotional reciprocity in conversational interactions, deficits in nonverbal
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communicativebehaviourgproducing and processirigcial expression®yecontact), and

difficulties with developing and maintaining relatiorgs.

B. Restricted, repetitive patterns of behaviour, interests, or activitiesThis may include
stereotyped or repetitive interests and patterns of behaviour (including motor behaviour
stereotypy), insistence on sameness, hygErypo-reactivityto sensry input, or unusual

interest in sensory aspects of the environment

Theprevalenceof autism is estimated to be arouh@% with more than 24.8 million people
globally affectedVVos, Allen, & Arora, 2016)However, autism has seen one of the largest
increase prevalenceof any neuropsychiatric disorder, wtY87%increaseover just 20
years, particularly for womefMatson & Kozlowski, 2011; Russell et al., 202Rpther than

a true increase in prevalence, this likedflects increased reporting and changes in practices

and assessmerats well asncreasegublic awareness.

Theaetiology of autism remains largely unknown aisdh topic of ongoing research. Most
research to date hasggestedisk factors including genetics and pathophysiology of the
brain.A genetic component to autism, in particular, appears certain, as evidenced by the
increased familiar prevalence (in parents and offsmfrdjagnosed individuajsand from

twin studiegRonald, Happé, PricBaronCohen, & Plomin, 2006Wwith estimations of close
to 90% heritability rateéTick, Bolton, Happé, Rutter, & Rijsdijk, 201L8owever, studies
looking for specific genetic markers haladled to provide consistent resulddany of the
identified genes appear to only affect a Brnaction of cases (e.gless than 1%)For

example geneticconditions such asuberousSclerosis and théragile X anomaly which
exhibit clearer links with autispaccount for only a small proportion of cagBsrsico &
Napolioni, 2013; Rutter, 2005urthermore, manysoal | edgémnasdbsmre al so

involved in other psychiatric conditionmcludingschizophrenia and intellectual disability
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(Persico& Napolioni, 2013) As such, thidas led to suggestions of the importance of a
potentiallylarge number of genetic variants, some of which are common within the condition
and have a small effect, and some of which are rare but have a larg¢LeffécElsabbagh,

Baird, & Veenstravanderweele, 2018)

In terms of neurobiology, current views do not subscribe to specific impairments, instead,
most suggest problems in brain reorganisation and maturation which eventually pregiispose
individual to altered functional connectivity which gives rise to the autistic phenfBgier,
Bookheimer, & Murphy, 2015; Lord et al., 2018jructural imaging studies haatso

emphasisebrain overgrowth as represeniadarge brain voluméHazlett et al., 2017)

Functional imaging studiesn the other handrgelyhighlight problems in interconnectivity
which may reflect atypical physical connectivity or causal interactions in patterns of activity

in different brain regionfLordetal , 2018; O6Rei |l ly, .Qweral s, &
reduced connectivity and patterns of local hypannectivity have been documented in
autismleading to many hypothesesneuralexcitatiorrinhibition imbalancgHadjikhani et

al ., 2018; OO6Reilly et al., 2017, Rane et

Diagnosis.Thediagnosis of autism is largely based on behavioural phenotypes. Assessment,
therefore, focuses on comparing symptoms to descriptions of the conslitihiasthe ones
providedin DSM-5. Additionally, a neurodevelopmental history of deficits is needel suc
thatsymptoms must be present in the early developmental period, particularly in the first two
years of life (APA, 2013). As such, in addition to the DSM criteria, the diagnostic process of
autism typically involves assessment of executive and societidnimg in form of

standardised clinical interviews and observations (e.g., Autism Diagnosis Observation
Schedule, ADOS), with the input of family or caregivetsere possibl¢Pruette, 2013;

Rutter, Couteur, & Lord, 2003fror verbal and noitognitively compromised individuals,

E |

al
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self-report questionnaires measuring autistic traits are also typeraipyoyed for example,

the AutismSpectrumQuotient(AQ-50) measuring social skills, communication, imagination,
attention to detail, and attention switching (Baf@ohen, WheelwrightSkinner, Martin, &
Clubley, 2001)Genetic testing is also recommengdealticularly when there are risk factors
for certain genetic conditions (e.§ragile X) or when certain prenatal risk factors are

present, such as advanced age during pregr{ancy et al., 2018; Rutter, 2005)

While a neurodevelopmental history of deficits is essential for diagnosis, it is not uncommon
for a formal diagnosis to happen much later in(Heiang, Arnold, Foley, & Trollor, 2020;
Tromans, Chester, Kiani, Alexander, & Brugha, 20I8)is may be related to the fact that

while intellectual disability and language impairments are highly comorbidteymsgn

autism (APA, 2013)someautistic individuals do not have appreciable cognitive

impairments, particularly if they are classed as high functiofBeg,2014; Lincoln,

Courchesne, & Kilman, 1988; G. Russell et al., 20¥8hile not being representative of the
autistic population as a whole, these samples are particularly tmafulestigatinghigher

order sociecognitive processwhich often require good language comprehensionfand
tesing sociocognitive impairments in absence of intellectual disabfltgrms, Martin &

Wallace, 201Q)

1.1.1 Autism and socioemotional processes

Whilst autismis a complex andhultifacetedcondition with deficits across many cognitive
areas, soorcognitive deficits have captured the interest of many researchers since early
descriptions of the conditio®ocio-cognitive processes are relevant for various aspects of
normal life with implicationsn the ability to form, develop and maintain relatioipshand to
lead independent livgg\dolphs, 2001)Deficits in socd-cogrtive processes autismmay

thereforeexplain the increased prevalence of other mental disorders in autism, including
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depression and anxiefai et al., 2019)and social problems resulting from the economic
burden associated with the conditi@ng. due to unemploymeftdanz, 2007)

Despite thousands of studies published to date exploring various aspects of socioemotional
functioning in autism, there are still limited to no widely accepiadl effectivanterventions
(Grynszpan, Weiss, Perfdaz, & Gal, 2014)Part of the difficulty is that the naturé o
socioemotional deficits in autism is still poorly understood, and models of social cognition
have not been able to provide an integrated account of the diverse profile of social skills in
the condition(Gaigg, 2012)Furthermore, specific models of autism are often rriicenries

or very narrow interpretations of models of social cognition, emotion, and social attention
(Leekam, 2016)Furthermorethe mechanisms that support many typical eamgnitive
processes, such as face and person perceptiorell as experiential aspects of emation

have continued to elude psychologigislolphs, 2001, 2010).

Understanding the sociaymptomsof autism is therefore not only usefat developing
interventions for autistiodividuals but may ultimatelynform soco-cognitivemodels for
normative behavioufLeekam, 2016; Pelphrey, Adolphs, & Morris, 200E9r example
social cognitiorresearcHor the past 40 yeatsas largely been driven llge discovery of
developmentagffects on theepreserdtion of thementalstatesof othersandfalse belief
understandingPremack & Woodruff, 1978)This discoverynspired many studiesn the
development of atypical social cognitionautism, where failuseon false-belief tasls led to
the hypothesis that autistic individuals lackheory of mindBaronCohen, Leslie, & Frith,
1986) Such simplistic theories have come under increasing scrutiny since their development,
however, for exampleesearch suggestsat many typical and autistic children filse
belief for reasonsinrelated taepresenting others' min@Bellicano, 2012)Novel models,
therefore, have emerged which attempt to account for both typical and atypical social

cognition(Baker, Jaré&Ettinger, Saxe, & Tenenbaum, 2017; Schaafsma, Pfaff,tS@un
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Adolphs, 2015)ncluding explaining the variability of how humans represent others minds
(Bird & Viding, 2014; Conway et al., 2020; Conway, Catmur, & Bird, 2019; Tamir &

Thornton, 2018).

This thesis, therefore, presents several experiments expiogoiganisms underlyinge
socioemotional functioningymptoms ofwutism Specifically,mechanisms underlying
problems in emotion processirgjypicalsocial attentiorfeye gazg as well as experiential
components of emotioare investigatedMuch of thiswork, howeverhasimplications for
understanding typical socioemotional procegsin the next section, | will briefly review the

theoretical approachdisat will guide the exgrimental workin this thesis

1.1.2 Linking emotion, attention and physiology in autism

Most theorists agree that emotions reflect a core quality that defines the tone of the
interactionbetweerhumansand theirsocialworld (Adolphs & Anderson, 2018; Gendron,
2010).This core quality can be manifested in terms of homeostatic processes and action
tendencies (e.gphysiological reactions that drive approach or avoidance behayviours

(Norman, Necka, & Berntson, 2016)

In practice, emotion is often studied in terms of two comporietits communicative
componentfacial expressionand othenonverbal behaviour)andan experiential
component (physiological correlateemotionand subjective experience). It is through th
communicative and experiential components that emstianeconsequence®r
interpersonal relationshigédolphs, 2001; P&inson, Fischer, & Manstead, 2003)
disruption in the ability to process or respond appropriately to emotional information has
important consequencés how we interact vth the world around us. Many studies have

thereforesuggested that autism is related to deficits irctramunicative and experiential
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components of emotiowhich mayresultin deficits in empathy and theory of mind

(Adolphs, Sears, & Piven, 2001; Baron, 1995; Hobson, 1986).

Of note, however, is that emotial processedo not operate in isolation froothercognitive

processedt is clear that emotional processes interact with a wide range of cognitive

processes, including attention, perception, and memory, and these interactions are the norm
rather tharthe exceptiorfPhelps, 2006)Furthermore, incread understanding of brain

organisation and functioning highlights that the conceptual dichotomisation between emotion
and cognition is not warranted, as purely fa

networks have consistently failed to materia(iBessoa, 2008)

Theinteractian between emotion and cognitive procedsaglevant founderstanithg
severalaccounts of socioemotional deficits in autism. &ample, twaelated mechanisms
have been suggested to underlie atypical emotion recognition and processing abilities. The
first, which is explored ilChapters 2and3, involves a disruption of visual social attention
processegesulting in atypical modulation gfazeduring faceto-face interactions, including
reduced sensitivity to gaze direction and reduced eye comtecsecond mechanism
involvesatypicalneurophysiological modulation to socioemotional stimuli (@ge ©ntact).
Atypical neurophysiological modulation has been a key feature of theories of autissn and
thought to explain the common profile of hypand hypesensitivity whichhasfrequently

been described in autism, in both anecdotal and autobiograpticairas(Blackman &

Attwood, 1999)as well as in empirical resear@lintwall et al., 2011; Robins, Bakeman, &
Adamson, 2009)Iin addition to dynamically influencing and being influenced by processes
such awisual social attention, atypical neurophysiological responses are also thought to have
an impact on the experiential component of emotion via interoceptive pro(aesseEsses

which allow the physiological state of oneds
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Therefore, many models of autism have adghat physiological or interoceptiygocesses

may be atypical in autism.

Emotion processingjsualsocial attention, and pkiplogical mechanisms arinerefore
invariably included in key theoretical frameworks of autism attempting to exgpaitific
socioemotional deficitd.will briefly introduce the relevant theoretical frameworks in the
next section. The various chaptarsd experiments throughout the thesis will also provide an
overview of specific interpretations of these general frameworks to the specific questions

explored ineach chapter (see alsal. Guiding research questions).

1.2 Theoretical frameworks

The working hypotheses guiding research on socioemotional processes in autism can be

loosely subdivided into three masategories

1- Physiological eousaland sociahttentionbasednodels.

2- Emergingdop-downdmodels, with a particular focus dime Bayesian accounts of
autism

3- Models of individual differences, withgarticularfocus on the alexithymia
hypothesis, which attempts to account for the heterogeneity in the socioemotional

profiles of autism.
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1.2.1 Physiological arousalmodels of socieemotional processing in autism

One component that has been central to many theoriesatiom is physiological respses
Darwin proposed early evolutionary accounts of emotishgreinphysiological signals

were linked tdbehaviourge.qg, facial expressions, bodily changéBarwin, 1872)

Evolutionary accounts inspired by Darwin proposed physiological responding as a
mechanism to mobilisand regulatenetabolic processes in the organismdto optimise
behavioural responses that are essential for survival or maintenance of the organism (e.g.,
approach or avoidance behavioyiskman & Davidson, 1994; Kreibig, 2010; Stemmler,
2004).William Jamesone of the most influential theorists on eroatalsoconceived

emotiors as causal consequences of physiological changes in the body, going as far as to
suggest that affective events without the accompanying physiological component cannot be

consideredi e mo t i o rJames W8 r 0

The arousabasednodels of autism at their core are based aidlea thafphysiological
responsearecentral to emotional processd$ese viewsighlightthathyper and hype

sensory respondirig commonly reporteéh autism, suclhataberrant resting anar phasic
physiological modulation may be a mechanism underlying atypical socioemotional processes
(Cuve, Gao, & Fuse018; Rogers & Ozonoff, 2009Ylost of the empirical research comes

from the measurement of autonorf@uve et al., 2018; Lydon et al., 2016; Top, Luke,
Stephenson, & South, 2018)d brairresponseduring socioemotional taskbladjikhani et

al., 2017; Kliemann, Dziobek, Hatri, Baudewig, & Heekeren, 2012; Monk, 2@ltBpugh

the nature of the tasks is varied and taps into different emotion componentnieton

recognition veemotionalexperierce).
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For examplethe hyperarousal hypothesiss a specifiqgroup of) arousal based model(s),
which argue that emotion regulation difficulties in autism result in heightened sensitivity to
socioemotional stimuliCuve et al., 2018; Hadjikhani et al., 2018; Tanaka & Sung, 2016)
Problems recognising emotiémom faces and atypical gaze (e.g., eye contact), and
stereotyped beh&wr areexplained in terms of strategies reduce this physiological
dysregulatior(Lassalle et al., 2017; Tanaka & Sung, 2018)o0dal attention studies, this

view isalsooften referred to as the eg@oidance hypothesis.

A contrastingarousalbased model is theypoactivity or hypoarousal model, which is
closely linked tgphysiological models of orienting behaviditargaret M Bradley, 2009)
and sociomotivational theories of auti¢@hevallier, Kohls, Troiani, Brodkin, & Schultz,
2012) This hypothesis claimtatphysiolayical lability and disengagement in response to
socioemotional stimuli in autismesults inatypical learning ofheintrinsic rewardlinked to
socioemotional stimulifor examplehehuman fac€Cuve et al., 2018; Rogers & Ozonoff,
2005) Chapter 2 partly explores the application of this framework to the study of visual
social attentionwhereagChapter 4 explores in more detdihe experientialaspects of

emotion anghysiologicalresponses

1.2.2 Top-down influence models: Bayesian accounts of autism

The Bayesian theory of autism has emerge@dent years asrasult of theapplication of
Bayesian models of perception to autidflizabeth Pellicano & Burr, 2012; Sinha et al.,
2014) These models argue that atypical integration of sensory inpytrabgms with
learningstatstical regularities about the environméptiors)underlie most atypical sensory
and perceptual experiencesautism(Pellicano & Burr, 2012). Like general Bayesian models
of perception, th&eyidea is that perceptual decisions and sensory experiare@dluenced

by both incoming sensory information and prior knowledge which gagdpdown

10
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influence on sensory processing (Helmholtz, 1867). As,sudlstic deficitscan be
explainedn terms of one or mordifferences in Bayesian parameters wtdelscribe how

perception is modulated by priceadsensoryinformation

A few studies have explordghyesian accounts of autism in the contexdasfsory
abnormalitiegLawson,Mathys, & Rees, 201@ndin visual processing of abstract
information(Krél & Krdl, 2019; Maule, Stanworth, Pellicano, & Franklin, 20ly8t not

many have exploredpplications to socioemotional process{Rgll et al., 2016)

Nonetheless, much of the empirical wankvisual processing speaks to the potential of
Bayesian modelfor understandingocial atention and emotion processing in autism. This
includespreviouswork demonstrating todown effects opriorson eyemovementgFriston,
Adams, Peainet, & Breakspear, 2012; Tatler, Hayhoe, Land, & Ballard, 2Cdg yvell as the
sensitivity of visual processing to stimsidriven sensory informatigmncluding image
statistics and biological motiddohansson, 1973; Land, 1999; Thompson, Hansen, Hess, &
Troje, 2007which arealsorelevant for social stimuli like faces and emotional expressions
(Furl et al., 2020; Jack & Schyns, 201%his thesis, therefore, explores relevant aspects of
the application of Bayesian accounts of autism to socioemotional processingiladytio

social attentionin experiments described @hapters 2 and 3.

1.2.3 Models of individual differences: The alexithymia hypothesis

One common thema ireviews and meatanalyses of socioemotional deficits in autism is that
findings are highly heterogeneous. This is true for emotion recogaigficits (Harms et al.,
2010; Uljarevic & Hamilton, 2013patypicalvisual social attentio{Cuve et al., 2018; Nation
& Penny, 2008; Papagiannopoulou, Chitty, Hermens, Hickie, & Lagopoulos,, 201tH)
atypicalautonomic and neurophysiologigalsponse$o sociognotionalstimuli (Ecker et al.

2015; Lydon et al., 2016WVhile part of the heterogeneity is certainly doenethodological

11
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differences across studies, including task, stimuli, and analytical approaches, there is

potentially as much heterogeneity in profiles of social functioasrgss autistic individuals

This heterogeneity is well recognised within auti®artinezMurcia et al., 2017; Mottron &
Bzdok, 2020)but socioemotional research has failed to expitsrunderlyingfactors Recent
accounts of autism suggest that heterogeneity concerning socioemotional functioning within
the autistic population may be systematic, and explained-og@arring conditions such as
alexithymia(Bird & Cook, 2013) Alexithymia is a subclinical condition characterised by an
impaired ability to describe and identify emotions and bodily sigiNgsiah, 1976; Sifneos,
1973) Alexithymia and autism displag high level of comorbidity, with estimations

suggesting that close to 50% of people with autism also have alexithymia atlglinical
significantlevels,in comparison td0% of the general populatigBerthoz & Hill, 2005;

Kinnaird, Stewart, & Tchanturia, 2013lowever, alexithymia is also highly prevalent in

other somatic and mental disorders, suggesting that it may constitute a vulnerability marker
for emotional problems across psychopatholpdyu ndh & Si monsson Sarne.
Papciak, Feuerstein, & Spiegel, 1985; Wingbermihle, Theunissen, Verhoeven, Kessels, &

Egger, 2012)

In an interesting parallehlexithymia has been implicated in many processes that have also
beenreportedto beaffected in autism, including difficulties with identifying emotiq@a &
Gullon-Scott, 2020)atypical visual processing of facial expressif@sve, et al., 2021) and
atypicalphysiological andnteroceptiveresponses that can also be described in terms of hypo
and hyperarousal profilg®anayiotou, Panteli, & Vlemincx, 2018; Shah, Hall, Catmur, &

Bird, 2016)

Under the alexithymia hypothesis, alexithymia drives d¢atahely distinct profiles of

socioemotional functioning in autis(Bird & Cook, 2013) Nonetheless, autism research has

12
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generally failed to @ntrol for alexithymia (and alexithymia research for autistic traits)

making it difficult to test the specificity of emotion processing problems to either condition.
Accounting for common and separate contributions of autism and alexithymia is particularly
relevant to inform ongoing debates regarding the nature of emotieficitsin autism, as

well as to inform clinical practice arideoising abouttypical and atypical socioemotional

processegBird & Cook, 2013; Cuve, Murphy, et al., 2021)

Given the ley focus of thighesis in providing a test for the alexithymia hypothesithen
next section | briefly review the curreviews onthe aetiology of alexithymiaits underlying

mechanismandassessment, and how well it can be differentiated from autism.

1.2.3.1Alexithymia, aetiology and mechanisms

Theaetiology of alexithymia remains unknown, and this area of research has received much
less attention than research describing its associations with socioemotional processes. The
atypicality in physiological and interoceptive responding typically associated with
alexithymia led to proposals afisrupted transmission of interoceptive emotional information
to the anterior cingulate cortehich isinvolved in the generation of emotional responses

and dorsal areas implicated in the appraisal and expression of exdotisal ACC, mPFQ

(Etkin, Egner, & Kalisch, 2011; Goerlich & Aleman, 2018; Miyake et al., 2048)pical
dorsomediaprefrontal cortexand amygdala function during both conscious and unconscious
processing of emotiortsas also been reportedatexithymia(Goerlich, 2018; Katharina S.

Goerlich & Aleman, 2018).

Even less research has focused on potential genetic underpinnings of alexithymia. However,
recent genetic and endocrine studies of alexithymia highlighteefjree oheritability of
alexithymia basedn familial links in alexithymia scores between parents and offspring

(Kano, Grabe, & Terock, 2018puggestive disruption in gene variants including oxytocin
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receptors and serotonin reuptake genes has also beetedefiKano et al., 2018).

Furthermore, because of the physiological profile of alexithymia which has been associated
with impaired emotion regulation, sympathetic responding, and stress tolerance, some have
suggested abnormalities in thgpothalamié pituitaryi adrenalaxis which regulates
neuroendocrinal responses to stig&mo et al., 2018)However, most of this research is still
very suggestive, with most samples being highly heterogeneous involving oth&ioren

(e.g, PTSD andDepression), and most of the genetic and endocrinal mechanisms have been
implicated in these other conditions as wWkkno et al., 2018)

In terms ofassessmentobjective markers of alexithymia are still an area of active research.
Furthermore, alexithymia is currently not included as a formal diagnosis in the DSM, as such
diagnosis is typically only possible via a combination of clinical interviews andeselfts

(Sekely, Bagby, & Porcelli, 2018The most popular and widelyalidated measure of
alexithymia is the Toronto Alexithymia ScdlEAS-20) (Bagby, Parker, & Taylor, 1994;

Michael Bagby, Parker, & Taylor, 202@hich was designed to cover the original

descriptions of the conditigoroposed in early work by Nemiah and Sifne(Nemiah, 1977;
Sifneos, 1973)It coversdifficulties identifying feelinggDIF), difficulties describing
feelings(DDF), and externally oriented thinki@&OT). Thesomatic problemsicludedin

the original descriptions are typicallydluded within the feelings componefBagby et al.,

1994; Bagby et al., 2020\hich may partlyeflectthe views ofsomatic symptoms in

alexithymia as failures to process underlying emotionalsaidMaclean, 1949; Taylor,

Bagby, & Parker, 1991 While there are no population norms for the TA% a preliminary

cut-off score of 61 has been suggested to indicate alexithymia, while scores below 51 indicate
the absence d@lexithymia(Bagby & Taylor, 1997)While scores for each subscale have

been used in the literature, the authors have argued that the total score provides the most

reliable measure of alexithym{Rarker, Keefer, & Taylor, 2008)
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Thisthesiswill explorethe influence of alexithymia oseverakupposed autistisymptoms
affectingsocial attention, emotion recognitiandphysiological esponsesAdditionally, in
Chapter 5, | exploreone issue that is crucial for the logical coherence of the alexithymia
hypothesis and subtyping approaches in autiased ortomorbidityi that isthe degree to
which autism andlexithymia reflect separate conditiohy investigaing the degree of

construct overlap between and their interactions.

1.3 Guiding research questions

In light of the theoretical frameworks introduced in the previous section, this thesis explore
three group of related research questions aiming to clarify the mechanisms underlying

socioemotionatymptoms irautism.

A central and overarching question in this thesis concerns the role of alexithymia and autism

in socioemotional processes.

Are atypical socioemaional processes specific to autism or alexithymia?

Can alexithymia explain the heterogeneity in socioemotional processes in autism?

Across the studies and chapters, crucial tests of the alexithymia hypothesis are provided by
evaluating the contributions of alexithymia to emotion processing, social attention, and

physiological responses to emotion in autism.

Related to the alexithymiaypothesis, this thesis also addresses the question of autism and
alexithymiaoverlapandcomorbidity In other wordsare autism and alexithymia distinct?

This question is central to the logical coherence of the alexithymia hypothesis and has
implicationsfor theories of autism as well as diagnosis, assessment, and intervantion.
combination of experimental approaches and statistical modelling is used to disentangle the

contributions of both autism and alexithymia across the relevant processes.

15



CHAPTER 1 - INTRODUCTION

The second@roup of questions focuses on the natureisial social attention deficits in

autism.

Is social attention universally atypical in autism and/or alexithymia?

What mechanisms underlie atypicality and heterogeneity iwisual social attention?

Specificaly, in Chapters 2 and 3, | combine novel methodological approachesxamine
social attentiorypothess of autism | alsoexplore whether Bayesian accounts of autism can
account foratypical socioemotional processiagd social attentiom autism Specifically,

this research hopes to answer the following question:

Does atypical gaze in autisnand/or alexithymia reflect atypical modulation of social

attention by priors,at y pi ¢ a lu p@®b cetf Somoenosonab dtimulj or both?

Focusing particularly on social attention, noredthodologies were developeddantify
sensory information about gatcues anahovelexperimental taskaere usedo test top
down effects on visual behaviour duriegnotionprocessindasks(discussed in Chapters 2

and 3).

The third group of questions relates to the experiential nature of emotion in antism

alexithymia.

Is physiological responding to emotion atypical in autism and/or alexithymia?
What is the specific profile of typical and atypical physiological responding to

emotions?

The experimental work on these questions aimed to map the prgbiteysiblogical

respomsesusing multimodal recordings and multivariate analytical approaches that provide
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more optimal test questions regarding the specificity of physiological and autonomic

atypicalities,and howtheyrelate to autism and alexithymia.

Overall, he empirical work addressing all three groups of questions is supported by both
conceptual and methodological advances to study typical socioemotional processing. As
such, each experiment and chapter are also relevant for informing the gefeeral figoical
socioemotional processes as well as approaches to subtyping heterogeneity in
psychopathology. For example, the exploration of atypicality in social attention as well as
Bayesian accounts also contribute knowledge abowtsocial attention isnodulated by
stimuli-driven sensory information and tamwn influences. The studies on experiential
aspects of emotion are relevant for understanding the profile of typical physiological
responses to emotipand the contribution of physiological anddartceptive processes to
attention processes. They also elucidate unknowns about the coherence of autonomic

activation and physiological responding to emotion.

In Figure 1.1 | provide a schematidescriptiveheatmapwith the densitysummarigng how

these various questions and models are reflected in the chapters and experiments included

throughout thehesis.
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00 05 1.0

1. Visual social attention

2. Emotion recognition

3. Individual differences

3. Physiology

4. Alexithymia hypothesis

5. Bayesian accounts

6. Arousal-based models

Figurel.1 Heatmapof topics and theoretical models across ttieesis

High values (warmer colours) indicate an increased incid@recsed orterm frequency)of

the topic and/or the model in the specific chapter and experim@xXP)
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1.4 What comesnext?

Chapter 2 presents@n eyetracking paradigm tovestigatevhether autism or alexithymia
are related to atypical gaze. A novel approaasedo study thedlynamic of gaze
allocationto facial expressions and qouantify gaze modulation effedby task and emotion

relevant priorsto test theapplication oBayesian accousbf autismto social attention
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CHAPTER 21 GAZE MECHANISMS

2 CHAPTER 2. SPATIOTEMPORAL DYNAM ICS
OF GAZE ALLOCATION IN AUTISM AND
ALEX ITHYMIA

An edited version of this chapter has been published as the follavticig:

Cuve, H. C., Castiello, S., Shiferaw, B., Ichijo, E., Catmur, C., & Bird, G. (2021).
Alexithymia explains gypical spatiotemporal dynamics of eye gaze in
autism.Cognition 212 104710.
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Abstract

Recognition of emotional facial expressions is considered to be atypical in autism. This
difficulty in emotion recognitioiis thought to be due to the way that facial expressions are
visually explored. Evidence for atypical visual exploration of emotional faces in autism is,
however, equivocaln thischaptey| propose that, where observed, atypical visual

exploration of erational facial expressions is due to alexithynaiaistinct but frequently eo
occurring conditionTheeyetracking studydescribed in this chaptérsted the alexithymia
hypothesis using a number of recent methodological advances to study eye gaze during
several emotion processing tasks (emotion recognition, intensity judgements, free gaze), in 25
adults with, and 45 without, autism. A multilevel polynomial modelling strategy was used to
describe the spatiotemporal dynamics of eye gaze to emotionaldggiaksions.

Converging evidence from traditional and novel analysis methods revealed that atypical gaze
to the eyes is best predicted by alexithymia in both autistic andunistic individuals.

Information theoretic analyses also revealed differeaffakts of task on gaze patterns as a
function of alexithymia, but not autisfhihese findings highlight factors underlying atypical
emotion processing in autistic individuals, with widaging implications for emotion

research.

Keywords: spatiotemporagye gaze; ey&racking; autism; alexithymia; emotion recognition.
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2.1 Experiment 1
2.1.1 Introduction

Autismis a condition defined by atypical social interaction and communication, and
restricted patterns of thought and behaviour (APA, 2048Hiscussed in chégr 1, he
social diagnostic criteria specify a cluster of symptbtinat are likely related a lack of

sociaemotional reciprocity, impaired emotion recognition, and reduced eye gaze.

While the exact mechanisms linking these symptoms have not been determined, two
hypotheses specify a rabé arousal. Under one hypothesis, atypical emotion recognition is a
result of active or reflexive avoidance of the eggion as a result of hyparausal induced

by direct eyecontact (Kliemann et al., 2012; Hadjikhani et al., 2014). Under the other

hypothesis, reduced eye gaze stems from {aypasal, resulting in diminished social

motivation and orienting responses to social stimuli (Dalton etG)5)2 While there is

evidence for both hypotheses (for a review see: Cuve, Gao & Fuse, 2018; Kliemmann et al.,
2012, Senju et al., 2011), our understanding of how allocation of gaze to faces influences
emotion recognition remains far from complete. Fotanee, previous work demonstrates

that an individuaégdgisomtofenanonhemwowds heaegei s
which the individual <can recognise the other
studies, however, demonstrate thatuaate emotion recognition can occur without overt

visual attention to specific face features (Calvo et al., 2014; Peterson & Eckstein, 2012), and

with varying patterns of gaze fixations (Yitzak et al., 2020).

It should also be acknowledged that most presistudies used static stimuli, but recent work

highlights the importance of dynamic information as facial expressions evolve over time

lluse
6trai

term 6symptombé to mirror clinical practice |

t he
tsd as it wihaaisedse. equati ng autism
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(Jack et al., 2014). Thus, the predictive value of gaze with respect to emotion recognition
may be dependent not only the allocation of gaze to specific facial features, but also on the
spatiotemporal relationships between gaze and the dynamic aspects of facial expressions.
Furthermore, the redundancies in information conveyed through the spatiotemporal dynamics
of facial expressions are likely to optimise recognition of ematiexpressed in the fadeor
example, the kinematics of facial movements may provide additional cues as to the valence
and intensity of emotion (Sowden et al., 2020). Such redundancies may expjain

allocation of gaze to facial features is not always predictive of emotion recognition,
particularly with dynamic stimuli. Importantly, such redundancy is the norm ififealbcial
interaction, where communication is often multimodal (e.g., invglgppeech, hand gestures,
and gaze direction; Aviezer et al., 2011; Hessels et al., 2020) and benefits from context

(Barret et al., 2011).

Considering the influential hypotheses concerning the role of atypical eye gaze in emotion
recognition in autism (sddadjikhani, Zurcher, et al., 2017; Kliemann, Dziobek, Hatri,
Steimke, & Heekeren, 2010), and the fact that atypical eye gaze is widely regarded as a key
diagnostic feature of autism (Senju & Johnson, 2009), it is significant thdtaekeng

studies invstigating how individuals with autism visually explore emotional faces have
produced remarkably mixed results. Although several studies report atypical eye gaze in
autism (Hadjikhani, Zurcher, et al., 2017; Kliemann, Dziobek, Hatri, Steimke, & Heekeren,
2010; Senju & Johnson, 2009), others do not (Black et al., 2017; Cuve, Gao, & Fuse, 2018;
Guillon, Hadjikhani, Baduel, & Rogé, 2014; Kwon, Moore, Barnes, Cha, & Pierce, 2019).
Even recent studies incorporating more naturalistic dyadic gaze interactionz tdweed
conflicting results. Some studies found atypical eye gaze only when traditionalbasszh

measures were used (Grossman, Zane & Micthe, 2019), whereas other studies found a
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reduction of eyecontact with elevated autistic traits in dyadic gazeractions (Hessels,

Holleman, Cornelissen, Hooge, Kemner, 2018).

There are at least two groups of factors that may explain these inconsistent results. The first
relates to individual differences within the autistic population, and the second concerns
metlodological features relating to task format and how gaze behaviour is operationalised

and measured.discuss these factors below.

2.1.1.1Individual differences

Although heterogeneity within the autistic population is well recognised, appeals to
heterogeneity texplain inconsistent results are often vague, with no clear hypothesis about
which individual differences contribute to variance in results. However, variability in the
socioemotional domain in autism may be systematic, and related to alexithgmiapsed

by the alexithymia hypothesis introduced in Chapter 1

Under the alexithymia hypothesis, inconsistent results when testing various socioemotional
abilities in the autism literature are due to sampling variance with respect to alexithymia
(Bird & Cook,2013; Brewer, Happé, Cook, & Bird, 201Previous data support the
alexithymia hypothesis, demonstrating that alexithymia, not autism, predicts reduced
empathic brain activity and impaired emotion recognition (Bird et al., 2010; Desai et al.,
2019; Heatoret al., 2012; Mul, Stagg, Herbelin, & Aspell, 2018; Trevisan, Bowering, &
Birmingham, 2016). Preliminary evidence also points to reduced allocation of gaze to eyes
being explained by alexithymia in both autistic (Bird, Press, & Richardson, 2011) and
neuraypical individuals (Fujiwara, 2018). Thus, examining effects of autism independent of
alexithymia (as is typical practice for-o@curring depression and anxiety; Cuve et al., 2018;
Black et al., 2018), may be crucial in resolving inconsistencies int¢natlire on autism and

eye gaze.
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2.1.1.2Methodological features
2.1.1.2.1 Spatiotemporal dynamics

In addition to a failure to consider-ocmcurring alexithymia, there are at least three

potentially significant methodological limitations of previous studies. First is the fact that
previous studies did not explore the temporal evolution of gaze, irestesaling, or

otherwise aggregating, eye gaze across time. This practice does not adequatelygiesribe
behaviour, which is a dynamic process serving to optimise eye movements for sequential
selection of relevant visual information (Land, 1999). By oauly such a dynamic process

into aggregated measures, studies may fail to capture group differences with respect to the

temporal patterns of gaze allocation.

While it is possible that differences between groups in the timecourse of gaze allocation to
facid expressions are captured by aggregate metrics, some divergence between aggregate and
timecourse metrics is to be expected. Niararities in the distribution of gaze allocation are

likely in response to more naturalistic and moving stimuli (Tatler.e2@lL1). This is

particularly true given the spatiotemporal dynamics of facial expressions, as the diagnosticity

of eye and mouth cues for emotion may vary over time, as expressions unfold, and different
action units may activate and peak at differentngattiple) timepoints, in a synchronous or
asynchronous manner (Jack, Garrod, & Schyns, 2014; Krumhuber & Scherer, 2011). This
means that gaze optimised for dynamic emotional facial expressions will likely vary in a non

linear fashion to facial regions avéme.

A number of approaches using Alomearmodelling (e.g., growth curves) have been
proposed to describe the timecourse of gaze allocation to stimuli in other contexts (e.g., word
processing in visual world paradigms), under the assumption thatoiperiies of the task,

stimuli and/or relevant individual differences (edinical diagnosis) influence the
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underlying probability distribution of gaze to regions of interest, and that these distributions
provide an estimate of cognitive processing (B2008; Mirman, Dixon, & Magnuson, 2008;
Seedorff, 2018). Importantly, these data (e.g., gaze data in visual world studies) have
highlighted that the underlying distribution of gaze is not always well captured in the
aggregat e ( iav e rdatagcellapsed pceosstireer(Barr, @G08; Miarareet al.,

2008, Seedorff, 2018).

2.1.1.2.2 Eyemovement differences and data quality

Eye movements are typically parsed into fixations (to gaze targets) and saccades. Parsing is
based on the characteristics of gaze behaviour in neurotypical indivichalghose with

autism. Problematically, data suggest that some aspects of eye mokeraeratics differ
between autistic and neurotypical individuals (Schmitt, Cook, Sweeney, & Mosconi, 2014;
Takarae, Minshew, Luna, & Sweeney, 2004). It is also the case that eye movement data from
clinical groups are typically noisier, resulting in low giggon and robustness (e.g., more
missing datapoints) than those from neurotypical individuals (van Renswoud et al., 2018;
Hessels et al., 2017; Wass et al., 2013). Individual differences in oculomotor behaviour and
the quality of eydracking data may cdrbute to inconsistent parsing of eye movements into
fixations and saccades, which may impact the validity of any glexgb comparison

between a neurotypical and a clinical group.

Even when eye movements are classified correctly, the gaze targetendeshiified. To do

so, areas of the visual scene AOIsge.gdteeteger mi ned
region of a face). Typically, the experi ment
AOls. This process is subjective and has béenva to be problematic when comparing

autistic and neurotypical groups. Hessels and colleagues (Hessels, Kemner, van den Boomen,

& Hooge, 2016) showed experimentally that the variability introduced by different AOI

27



CHAPTER 21 GAZE MECHANISMS

production methods can greatly alter gadtern of gaze metrics to face stimuli for atypical
groups (e.g.those with autism), more so than for neurotypical individuals. Consequently,
variability in gaze parsing and AOI disceetiion procedures makes published studies in this

area difficult tocompare and may partly explain the mixed findings.

2.1.1.3Task demands and perceptual priors

It is important to situate any theory of gaze allocation to emotional facial expressions within
wider theories of the function of gaze and visual perception. Withiantietories, the

important role of toglown factors, particularly perceptual predictions, in modulating gaze
behaviour is consistently recognigedg., Parr & Friston, 2017; Brook et al., 2019)

According to these theories, egevements are optimised teduce sensory uncertainty in

order to (dis)confirm perceptual predictions about incoming visual information (Friston,
Adams, Perrinet & Breakspear, 2012). Furthermore, begalence of the visual scene (a
bottomup factor; Itti & Koch, 2000), theop-down effects of task on gaze behaviour are
thought to offer a plausible account of fixation séten (see, e.g., Yarbus, 196I/tler et al.,
2011). Task demands and goals are thought to determine (and therefore to differentiate) the
predictions one akes about upcoming perceptual input, which would be expected to result in

different gaze patterns.

Consistent with this idea, gaze behaviour to faces isdapkndent, with task structure and
instructions influencing eye gaze more strongly than stimdiliven factors (Del Bianco,

Mazzoni, Bentenuto, & Venuti, 2018; Hessels, Holleman, Kingstone, Hooge, & Kemner,
2019). There is also evidence from neurocomputational models of emotional face processing
that humans evaluate the spatiotemporal dynamiciafl faxpressions with respect to

established norms (Furl et al., 2020). In an emotion processing context, these norms can be
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formalised as perceptual expectations or priors (Jack & Schyns, 2015) which may drive the

allocation of gaze and attention to faces

It is, therefore notable thapreviousmixed findings regarding atypical eye gaze in autism

were derived from studies using a variety of tasks. Participants have variously been asked to
freely explore (Hadjikhani, Asberg Johnels, et al., 2017), recedgKigemann, Dziobek,

Hatri, Baudewig, & Heekeren, 2012) and judge the intensity (Tsang, 2018) of emotional
expressions. Given the demonstrated dependence of gaze patterns on the task to be
performed, thought to be mediated by tdsfpendent perceptual plietions, it is perhaps

unsurprising that different patterns of results have been found across these studies.

The effect of topdown predictions is further complicated in autiaith theories suggesting

that autistic perception is less influenced by prigals than neurotypical perception

(Pellicano & Burr, 2012; Sinha et al., 2014). Under this hypothesis, autistic participants may
be expected not to modulate their gaze behaviour based on task requirements or priors about

the stimuli, or not to do so todlsame degree that neurotypicals do (Krél & Krél, 2019).

The influence of taskand emotiorrelevantpriors on gaze can be estimated using
information theory (Shannon, 1 @retiBtabilityob quant i
gaze behaviour (Mirza, Adams, Mathys, & Friston, 2018; Shiferaw, Downey, & Crewther,

2019). If a task generates strong perceptual predictions (for exahmga#icipants know that

they will be asked to judge the intensity of a disgust expressiandply signalled by the

mouth), or a fear expression (primarily signalled by the eyes)expectsa less random gaze

pattern than if participants do not know which of these two stimuli they will be asked to

judge. However, if autism (or alexithymia) isaracterised by a reduced reliance on priors,

these effects of task on the predictability of gaze behaviour should be reduced.
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2.1.1.4The present study and experimental hypotheses

The overarching goal of this study was to examine whether atypical eye gazeitmamot
facial expressions is a product of alexithymia or autism. The primary hypothesis, therefore, is

that:

H.1. Any atypical eye gaze to emotional facial expressions will be better explained by

alexithymia than autism.

This study also aimed tddress prgous methodological issues in several ways. Perhaps
most important wathe consideration of the temporal dynamics of eye gaze. The evolution of
eye gaze was described by assessing how well gaze behaviour was described drydinear
nortlinear orthogonal plynomial terms within Generalised and Linear Mixed Models

GLMMs (Mirman, Yee, Blumstein, & Magnuson, 2011; Seedorff, 2018). With respect to the

evolution of eye gaze over time, it was hypothesised that:

H.2. Gaze behaviour to the eye region of emotitexahl expressions will be best described
by norlinear terms, representing behaviour in which the-epamregions of the face are

explored but where gaze frequently returns to the eyes over the viewing window.

Hypothesed and 2, and previous researchtioa effects of task on gaze behaviour (Tatler,
Hayhoe, Land, & Ballard, 2011; Hessels et al., 2019; Krél & Krol, 2019), lead to hypothesis

3, that:

H.3. The evolution of eye gaze behaviour will be modulated as a function of task and

alexithymia and/or aism.

To account for individual differences in data quality and eye movement profiles (which may

vary as a function of autism), gaze metrics were derived onpaptcipant and petrial
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basis using a dat@driven adaptive gaze parsing algorithm that aote for individual
differences in eye movements, and variance in data quality (van Renswoude et al., 2018).
Thus if, compared to neurotypical participants, individuals with autism exhibit atypical or
idiosyncratic eye movements such that, for examples data shows low robustness
(increased data loss) or high levels of noise (low precision), gaze events should still be
accurately and reliably classified. Furthermore, AOIs were derived objectively, on a frame
by-frame basis, by adopting a recentblidaied automatic AOI specification method

(Baltrugaitis & Robinson, 2016; Hessel s, Ben

To investigate the role of tasind emotiorrelated priors on gaze behaviour, each

participant's gaze was recorded when they werewane not, cued to the upcoming

emotion, and when they were asked to complete a range of freskggze, emotion

recognition, and intensity judgementk can therefore be determined whether any adtism
alexithymiarelated atypicality is dependent uptask parameters, or instead a general feature
of gaze behaviouTwo measures of entropgtétionarygazeentropy andgazetransition

entropy, Shiferaw et al., 2019) were used to index the complexity of gaze behaviour, as these
metrics are thought to fett the degree of godlirected visual search prompted by each task
(e.g., one might expect more focused, structured, gaze behaviour when one is cued to the
upcoming emotional expression than when not). In relation to the use of pnaas,

hypothesisé that:

H.4. Gaze will be more predictable (as demonstrated by reduced entropy) in the emotion
recognition and intensity judgement tasks, and when participants are cued to the upcoming
emotion, compared to the frgaze conditionSimilar toH.3., any taskeffect may be reduced

in autistic or alexithymic participants.
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2.1.2 Methods
2.1.2.1Participants

A total of 75 participants were recruited from a database of research volunteers and
compensated with either an honorarium or course credit. Five participants (3,aitistic
neurotypical) were subsequently removed from the study due to a failure to complete the
tasks (most commonly because they fell asleep or failed to calibrate properly). Data from 45
neurotypical individuals and 25 individuals diagnosed with autism therefore included in

the final sample (for details s@able8.1 andTable8.2. in Supplementary Materials SM -
Appendice¥ Autistic participants were diagnosed by specialist cliniciafisof whom were
independent from the research team. Each ind
official diagnosis letter. To the best of our knowledugrticipants were diagnosed using

DSM-5 (or DSMIV) criteria. As part of their inclusion ithe participant database used for
recruitment in this study, participants were assessed using the original ADOS algorithm
administered by aertified professional. As is typical for samples of autistic individuals with

a high mean 1Q (as in the currenitgde - seeTable 2.1 Demographic data) and who lead
independent lives, not all participants met theafiscore on the ADOS. Specifically, 7
participants had a total score below 5 on the ADOS, however, all 7 of these participants
reached the social coff of 2, and all scored above the screeningaftibf 26 on the AQ50

(with 5 of the 7 scoring above the more stringent criterion on thisuregas 32).

2.1.2.2Procedure

Participants completed the questionnaires (@estionnaires section belloanline before
thelab visit On the day of theisit, participants were tested individually in a soundproofed,
dimly-lit room, and took short breaks betwdasks. After the ey&racking session

participants completed an IQ assessnediter which they were debriefed. Research was
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conducted in accordance with the revised 2013 Declaration of Helsinki and was approved by

the local research ethics committee.

Talle 2.1 Demographic data

Variable NT ASD
n=45 n=25

M SD M SD t min max
TAS20 41.16 14.06 60.44 13.52 5.63" 11 88
AQ28 11.33 4.83 27.24 16.25 4.78" 2 72
DASS21 19.06 13.80 52.08 29.77 5.24™ 0 108
ADOS - 6.92 3.73 - 2 15
IQ 117.76 13.52 121.68 16.49 1.02® 89 150
Age (years) 26.13 6.66 37.68 11.86 4.49" 18 62
Gender
Male 16 13 2 =4 - -
Female 29 11 - -

Notes.All t-tests were Bonferroni corrected.f< .05; *p < .01; ** p<.001;ns= non
significant; NT = neurotypical; ASD = Autism Spectrum Disdfideilean;SD= Standard

deviation. Note that these analyses do not control for alexithymia.

2.1.2.2.1 Dynamic Emotional Face Paradigm

The dynamic emotional face paradigm consisted of four conditions in which participants
were shown videos of naturalistic dynamic emotional facial expressions from a validated
dataset (Yitzhak et al., 2017). Stimuli were displayed indateen mode suchat thefaces

occupied approximately 23degrees of visual anglegrtically and 10 horizontally at a
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distance of approximately 60 cm. Videos lasted between 8 and 10 seconds, starting with a
neutral face that changed to an emotional expression ancetihemed to neutral in the last
second. A total of 192 trials were presented, 48 in each condit@g@aze emotion

recognition cued,andintensity judgemehteight of each emotion (neutral, happy, sad,

angry, fear, disgust) displayed by four male o female actors.

In thefree-gazecondition, participants were instructed to explore the videos freely as they
were presented:his condition is of independent intereatd alscserves as a baseline to

which the other conditions can be compared. dinetion recognitiomndintensity
judgementonditions involved the participant being informed that they were to recognise the
emotion, or judge the intensity of the emotion, respectively.clieeconditionwas the same

as thefree-gazecondition, but pdicipants were informed as to which emotion would be
portrayed before the face appeared. Condition order was fressh@ze emotion

recognition cuedandintensity judgemeitbut trial order was pseugandomized per

condition for each participant. Aethy of 1000 ms 250 ms was used as a jittetater-trial
intervalwhich was converted to the closest delay appropriate for the screen refresh rate
(60Hz). This was supplemented by a short system delay of random length at the end of each
trial sequenceotallow for timecritical logging and trial preparation. This provides for more
accurate temporal synchronisation within a trial, with more variable delays between trials.
These two processes resulted in a total delay ranging between 1476ms to 1720ths fro

end of a trial to the presentation of the next stimulus vileotheemotionrecognitionand
intensity judgemerdonditions, 5 practice trials were included. The experiment was

programmed and presented in PyGaze (Dalmaijer, Mathoét, & Van der &tigot4).
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2.1.2.3Eye-tracking
A Tobii TX300 (Tobii, Sweden) scredmsed remote eyteacker was used with the original

screen, sampling at 300Hz and tracking an area of 1920 x 1080 pixels. Participants were
positioned approximately 60 cm from the screen. No-obsh was used duringelstudy,

instead participants were instructed to avoid sudden body and head movements, although
they could freely move their eyes while watching the videosphibt calibration was
administered at the start of each block and repeated until all poirdsuasessfully

calibrated according to theyetrackeb s def ault criteria. Validat:.i
conducted using the PyGaze routine, and via inspection of the plot of the deviation of gaze to
each of the calibrated points. Calibration was aiszef all 5 points had been successfully
calibrated, with accuracy < 1To account for the deterioration of calibration quality

expected over time (Holmqyvist et al., 2012; Hessels et al, 2017), recalibration was performed
after every 20 trials, and addibally when deemed necessary. Recalibration after every 20
trials was based on a pilot experiment showing that participants could complete
approximately 20 trials at a time while maintaining an optimal position, with minimal
movement, and without triggeig drift correction. Overall, calibration accuracy error was

below 1 and precision below 0.3and not statistically significantly different as a function of

group EeeAdditional data quality checks in SM).

2.1.2.3.1 Eyetracking data processing

Preprocessing and analysis of the agecking data \wrecompleted with custom and
adapted processing pipelines in R@&re Team, 2013; Dink & Ferguson, 2016). The first
150ms of each trial were excluded from analysis to account forgagentation during
screen transitions and fixations initiated befonmslus onset, and the viewing window was
locked to 7800ms of full data afterzeroing. Exclusion of the first 150ms was based on

visualisation of the gaze data (both raw and parsed) which indicated consistent rapid
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reorientation of gaze to facial featarafter, but not before, this period. This pattern could not
have been due to screen change, nor was it due to a fixation cross, since a fixation cross was
not presented to limit the central bias induced when viewing stimuli on screens (Hart et al.,

2009;Foulsham, Walker & Kingstone, 201Tatler, 2007).

Trials and participants with more than 35% of data Vesse not analysed. On average,
participants contributed 90% of valid data after correction for data loss, and there were no
statistically significahgroup differences in data loss. For fixation analyses, gaze was parsed
using a datalriven velocitybased algorithm that accounts for individual differences and

quality fluctuations in gaze data (van Renswoude et al., 2018).

2.1.2.3.2 Derivation of AOls

ObjectiveAOls were derived using an adapted implementationre€antlyproposed

Limited-Radius Voronctessellation method (LRVT) that builds on ogsurce facial
recognition and | andmarking software (Baltru
The mehod allows identification of the location of facial features in a video over time. AOIs

are then created by segmenting the faces using the distances to predefined points indicating
distinct features (eyes, mouth, nose). Gaze points were assigned tolttaii@d the

smallest Euclidean distance between gaze coordinates and the centre of the AOI, with an AOI
radius of approximately 4°; and average-&yeye distance of approximately. X his

method is noiseobust for sparse stimuli like faces and recanded for group comparisons

of gaze metrics (Hessels et al., 2018).
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2.1.2.4Questionnaire measures
2.1.2.4.1 Toronto Alexithymia Scalé TAS-20

The TAS20 was used to measure alexithymia and was scored according to the original
norms, with each item rated on a scale frofadinpletely disagree) to 5 (completely agree)

which were then summed for a total score (Parker, Taylor, & Bagby, 2003).

2.1.2.4.2 Autism Spectrum Quotient AQ28 and AQ50

To quantify autistic traits, participants completed the AQ28 (Hoekstra et al., 2011). One tota
score was computed by scoring thpaint Likertscale according to the original AQ scoring
criteria. The AQ28 was used to quantify autistic traits as recent work suggests it is more
consistent with clinical judgment than the AQ50 (Ashwood et al., 2@h6@)that the AQ50

in its entirely likely contains redundancies that do not necessarily provide improved precision
of measurement (Cuve et al., 2021undqvist & Lindner, 201/see also discuss&hapter

5). AQ50 scores were also available for the autistic participants, and these were used to

establish whether autistic participants' scores were above established clinical thresholds.

2.1.2.4.3 Depression, Anxietynd Stress Scale DASS21

To control for any effect of depression and anxiety, these traits were assessed using the
DASS21 (Lovibond & Lovibond, 1995). Each item was scored on a Ldaate from O to 3,
and a total score was computed by summing all geones and scaling according to standard

scoring methods. DASS scores were used in control analyses.

All questionnaires demonstrated good internal reliability as measured by Cronbach's alpha

(.85, .84, and .93, respectively).
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2.1.2.5Analysis strategy

The analys workflow is described ifigure 2.1. Gaze position data were split into 78
100ms time bins and the proportion of gaze points within each AOI in @aclab
calculatedBy using all available gaze points, this approach eliminates the robustness
problems with velocity thresholds of parsing algorithms which can affect gaze metrics. To
account for the bounded nature of proportional data, these were traedfto empirical logit
(elog) and a small epsilon value (.05) added to avoid undefined logarithms (i.e. when the

proportion is exactly zero or one).

Data were analysed usi®@-MMs implemented in Ime4 package (Bates, Machler, Bolker, &
Walker, 2014) in RGLMMs were used rather than other linear models for several reasons.
First, GLMMs are appropriate for autocorrelated data such as theotimse of gaze

allocation (Bary2008; Mirman et al., 2011). Second, GLME&re more robust to missing

data and unbalanced designs (Bates et al., 2014; Jaegar, 2008), which is typical in eye

tracking experiments.

Tl

/ : ~9000 ms

Time

Parsing (gazepath)

I

Fixation based models

Time
G
Entropy models

Figure2.1. Study design and analysis workflow.
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A. An example tridfrom the freegaze condition. B. Sample stimuli with facial landmarks
from OpenFace facial landmarking softwar@altrusaitis et agt al., 2015)C. Sample time
series of raw eye movements. D. Sample stimuli with superimposed AOI segmentation. E.
Sampe gaze data for a single trial for an example participant, showing the proportion (elog)
of gaze points in the eye A@. not eyescross time (top). Gaze points per AOI were then
modelled using the orthogonal polynomials (bottom) in generalised lineaedmodels
(GLMMs). F. Additional standard analysis of fixation and saccades usifdyigdataparsing.

G. Stationary antransitionentropy calculation on the parsed gaze.

Third, participant and stimulusariancecan be explicitly accounted fdfor example, some
participants may have a bias to look at the eyes more often than others, and some stimuli may
attract eye gaze more strongly than others (Kanana, Bseiso, Ray, Hsiao, Cottrell, 2015).
Finally, most of the assumptions about the distributionreatdre of the residuals which

affect the validity and sensitivity of general linear models are often violated-imazskeng

studies. GLMMs have the advantage of allowing for themarmal distributionsghat are

likely to be encountered with eyeacking data (Jaegar, 2008; Seedorff, 2018).

2.1.2.5.1 Timecourse Analyses

For the timecourse analyses, a method to model the evolution of gaze allocation over time
was required that could account for the expectediinear timecourse of gaze allocation to

eyes (Mirman eal., 2008; Seedorff, 2018). Accordingly, orthogonal polynomials, created as
powers of the time variable, were used in the GLMM to model the evolution of gaze to AOIs
over time(this method is also known as polynomial regressidrs)such an approach hast

been used before to analyse autistic gaze behaviour, no firm predictions could be made about

which polynomial terms should be included in the model. The simplest terms (linear and
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guadratic) were therefore included to aid interpretability, and mobtisitem (see below)
was also used in order to determine the higitder polynomial terms to be included before
the increase in model complexity was not compensated for by increased predictive power

(i.e., before evidence of overfitting was obtained).

Unlike traditional analyses which aggregate gaze behaviour across time, modelling gaze
behaviour in this way allows four metrics to be derived. The first is the average behaviour
across time (model intercept: for example the average proportion of gaze ye-tegien).

The second is the way gaze behaviour changes across time (beta weights for each of the
orthogonal polynomial terms: for example, if the beta weight for the linear term is significant
it suggests that gaze to eyes can be described as limeadgsing or decreasing over time; if
beta weights for both the linear and quadratic terms are significant then it suggests that the
change in gaze behaviour across time can be described as a combination of a linear and a U
shaped pattern. Higher orderrter like cubic and quartic, can describe gaze distributions

which oscillate more frequently (e.g., as a result of gaze shifts betweesh AOI

asymmetries in the curvatures of lovwder shapes (e.g., the quadratic curve).

The third is average differences in gaze behaviour across time as a function of autism or
alexithymia (beta weights for group main effects, autistic traits or alexithymia). The fourth is
how predictors of interese,.g, autism and alexithymia, alter theotution of gaze behaviour
across time (e.g., beta weights for interactions between group effects and the orthogonal

polynomial terms).

2.1.2.5.2 Time clustering analysis

The polynomial timecourse analysis using GLMMs described above akstusgsignificant

effects (e.qg., significant effects of autism or alexithymia) on the global timecourse of eye
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gaze but does not allow it to be determined precisbnthose effects occur or their relative
onset. For example, if a significant effect of autism is identified,does not know whether

this effect is largely found at the start of the stimulus video (potentially identifying an

atypical orienting response), or whether the effect is sustained throughout the stimulus period.
In order to identify when significant effess were observed, nonrparametric clustebased
bootstrapping analysis was perforn{&thris & Oostenveld, 2007 5pecifically, in step 1,

the data in each time bin were analysed using GLMMs to identify significant effgrts at

.05. In step 2, when adjant time bins were significant, their statistics were summed and they
were considered a O0clusterd, where a cluster
significant effects (e.g., of autism or alexithymia) on gaze behaviour were observed. In step

3, the data were then bootstrapped (2000 iterations), such that predictor values (for example
diagnostic status) are randomly reassigned and steps 1 and 2 repeated at each iteration, such
that a probability distribution of summed cluster statistics carrdmed and used to

determine the significance of clusters identified with the real data (Maris & Oostenveld,

2007). Such an analysis is appropriate as unlike traditional multiple comparison corrections
which are unreasonably conservative for most t@es data, noqparametric clustering has

been shown tprovide a reasonabt@ntrol for Type | errors while preserving power (Maris

& Oostenveld, 2007), and it conserves the temporal effects inherent in the data. Note,
however, that this analysis does nbtiate the need for the polynomial timecourse GLMM
analysis, as that does, and the time clustering analysis does not, allow the shape of gaze

evolution to be determined.
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2.1.2.5.3 Entropy

In addition to standard aggregated analyses across time, the timecourse and time clustering
analyses outlined above are essential to address hypothgsaddressing whether

alexithymia or autism is a better predictor of eye gaze (H1), whether theienaltigaze to

the eyes is natinear (H2), and whether the evolution of eye gaze is affected by task and/or
autism or alexithymia (H3). Hypothesis 4 is that gaze will be more predictable (as
demonstrated by reduced entropy) in the emotion recognitiomeensity judgement tasks,

and when participants are cued to the upcoming emotion, compared to tgazece

condition. In addition, we wanted to investigate whether any task effect may be reduced in

autistic or alexithymic participants.

Entropy can be &gl as a measure of predictability as it reflects the amount of information
necessary to describe patterns of gaze behaviour. The more random the pattern, the more
information is needed to describe that pattern (i.e., entropy is increased). More predictable
structured, patterns can be described with less information (reduced entropipeefdre

more structured and predictable patterns of gaze behaviour in response to the emotion
recognition and intensity judgement tasks, and when participants areodhedupcoming
emotion, should be reflected in reduced entropy. Specificallynteasures aéntropy were
computedstationarygazeentropy (SGE) andazetransitionentropy (GTE). SGE quantifies

the overall spatial dispersion of gaze fixations actieswisual scene antherefore

addresses the spatial predictability of gaze behaw®LE provides an estimate of the
complexity of gaze transition patterns atiterefore addresses the spatiotemporal
predictability of gaze behaviour and is thoughtdftect efficiency in visual scanning
behaviour (Shiferaw et al., 2019). SGE was calculated using the formal application of the

Shannon equation (Shannon, 1948) as follows:
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Ow n a&n

WhereH is the entropy value of a fixation sequende.g., trial),i indexes the individual
AOI, nis the number oAOls fixated in a sequence, apds the proportion of fixations in

each AOI.

To reflect the fact that longer fixatiolikely imply deeper processing of visual information,

the duratiorof each fixationwas usedo compute the SGE (Hessels et al., 2019).

GTE was computed as follows:

Ow N0 e ¢ o

WhereH is the uncertainty af when its prior state is known. Thus, the current fixation is
best predicté by consideringhe previous fixation location is the stationary distribution
andp(i|j) is the probability of transitioning fromto j AOI (Krejtz, Szmidt, Duchowski, &
Krejtz, 2014; Shiferaw et al., 2019). SGE and GTE were normalised by the maximum

entropy for all AOlIs to improve interpretability.

2.1.2.5.4 Fitted models

The aggregated gaze, timecourse of gaze data, and gaze entropy were modelled using
GLMMs. Several models were built in order to address the study hypotheses and model
comparison used to evalie these models. For example, if one wants to determine whether
autism predicts eye gaze one can compare a model of eye gaze which includes all other
factors but not autism, with a model including all factors plus autism. If the model including

autism fis the data better than the model without (i.e., the addition of autism improves the
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model fit and does not lead to overfitting), then one can conclude that autism contributes to
the prediction of eye gaze and the model parameters can be interpretedlySifrolae

wants to determine whether autism or alexithymia is a better predictor of eye gaze behaviour
then one can compare the fit of a model including autism but not alexithymia, with the fit of a
model including alexithymia but not autism (and furtbempare these models to those
containing both autism and alexithymia, and those containing neither autism nor

alexithymia).

Fitted models therefore ranged from simpler (e.g., models accounting for random effects
only, predicting eye gaze using the ortbogl polynomials only, or orthogonal polynomials

plus the effect of the experimental conditions) to more complex models (which included
these predictors plus autism and/or alexithymia and interactions between predictors). These
models could then be diregttontrasted to test whether adding alexithymia or autism

improved model fit over simpler models.

To summarise, three groups of statistical models for both the gaze timecourse and entropy

were tested

Group A. Separate models for Autism and Alexithymia:

A.1. Autism Diagnosis Models: Simple models (orthogonal polynomials: linear, quadratic,
cubic and quatrtic for timecourse analyses; condition: free gaze, emotion recognition, intensity
judgement, cued) compared to more comphedels including autism diagnssicondition,

polynomials (for timecourse analyses) and their interactions.

A.2. Autistic Trait Models: As A.1 but where continuous scores from the28€indexing

autistic traits replace the binary autism diagnosis coding.
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A.3. Alexithymia models: As &£ but where alexithymia scores from the FAGreplace

scores on the AQ8.

Group B. Joint Autism and Alexithymia Models:

Models in Group B included the crucial predictors of interest as in Group A, but alexithymia
was included as a covariate in autigsradels (i.e., all models included autism and
alexithymia). Including autism (diagnosis or traits) and alexithymia in the same model is of
use as the validity of direct comparisons of models with different fixed effects (as fitted in
Group A) is debated. Wle some fit indices such as AIC and BIC can be used to compare
non-nested models fitted with Maximum likelihood (Akaike, 1985), model comparison
techniques such as the Likelihood Ratio Test are not valid fenasted models (Boker et

al., 2009; Matuscheet al., 2017).

Group C. Control Models.

This group of models included important control variables that were not the focus of this
study (e.g., depression and anxiety, 1Q, age, gender) that may still influence gaze and emotion

processing, as well a sesief sensitivity analyses (e.g., separate analyses by group).

For all models, quasnaximal random structures were initially fitted. For polynomial

models, all models included participant and stimuli random effects on all time terms (see
Participants in SM). Convergence issues were solved by simplifying the random structure.
This allowed us to fit principled quasiaximal models while avoiding the incremental
computational and power codtrmaximal models (Barr, Levy, Scheepers, & Tily, 2013;

Bates, Kliegl, Vasishth, & Baayen, 2015). Poisson and binomial distributions were used to fit
nonGaussian count and binary data (e.g., fixation count), or data wetaizjormed to

meet normality ssumptions and correct for exponential distributions (e.qg., fixation duration)
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and additional zertruncated Poisson models were used to fit zero pe@akitated)

distributions (e.g., entropy).

2.1.2.5.5 Significance testing and model comparison

Model selection waperformed by comparing the fitted model of interest, e.g., including
alexithymia or autism, to nested models containing all terms, minus these fixed effect(s) of
interest via th@novafunction in R. Alexithymia and autism (trait and diagnosis) were also
assessed in the same model and the standardised estimates were used to compare which factor
(e.g., alexithymia or autism) had the larger influence on gaze. An additional validation used
thestepfunction from thedmerTest package to fit a backwards elintio@ regression and

identify eliminated termd?-values for fitted models were derived using Satterthwaite's
approximation (Kuznetsova, Brockhoff, & Christensen, 2017). As part of the model

assessment, information criteria (AIC and BIC) were also usenhtoast different models

(e.g., alexithymia vs. autism models). The full set of comparisons are listedleB.3

Model building and comparisan SM.

2.1.2.5.6 Control analyses

Control analyses ensured that data quality or effects of other covariates (e.g., autistic traits,
age, 1Q, anxiety, ADOS and DASS scores) did not change the restiitsragin analyses

(due to space limitations these are presented iBthe see Control and additional

analyses).
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2.1.3 Results
2.1.3.1Aggregated fixation analyses

To enable comparison with previous literaturpresent first the standard fixation measures
that aggregate over the stimulus viewing window. Two metrics are reported, the number of

fixations, and the total duration of fixations.

Gaze distribution to facregions followed expected patterns (Begire 2.2 A & B).
Specifically, participants spent more time looking at the eyes than the mouth (Estimate =
0.86, SE = 0.18, p <.001), and nose (Estimat@.61, SE = 0.14, p <.001). Similarly,
participants fixated the eye regions more times than both the mouti(Z85 p <.001) and
nose (Z =3.53, p <.001). These results are line with other researdcers€anning and
supported the focus @ye gazen subsequent analyses. There was also a slight preference
for the nose over the mouth, and interactions with condition; however, to simplify
interpretation of results in relation to the research hypothssparate models for each

region of interestvere fitted(see below).

2.1.3.1.1 Fixation count to the eyes

Free-Gaze condition: effects of alexithymia and autism

Al exithymia outperformed %=69DAIOx4,p.0ly andom e
whereastha ut i sm d3=64DAdsCi <= (26 p = . 42%23.18DAI6d aut i
=2, p =.67) models did not. Additionally, alexithymia emerged as the most predictive term

in the joint models (Z =2.63, p <.01), in comparison to autism diagnosis (4.49, ns),

and autistic traits (Z = 1.56, ns). Increasing alexithymia was related to a reduced number of

eye fixations during fregaze (Estimate =17, SE = .07, p =.01).
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Figure2.2. Aggregated gazglots

Aggregated fixation count (A) and duration (B) for eyes, mouth and nose. Participants
showed preferential looking to the eyes. Fixation count (C) and duration (D) as a function of
alexithymia (condition indicated by line colour). Alexithymia predidieth reduced fixation

count and reduced duration of eye gaze.

Condition effects relative to the fregaze baseline: effects of alexithymia and autism

For the analysis including all conditiorsigure 2.2), the alexithymia modedutperformed
the condi £=518.28DAM®=0183,DBIC<93, p <.001). The autism diagnosis
model also provided a better fit to eye fixation data relatitetoe condi 5 on mode l

12548DA1 C = 112, p < .001) a%4168DAICEB3ep<aut i sti c
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.001). Once again, however, the fit indices and the joedtymated model indicated a larger
influence of alexithymia (Z =2.69, p < .01xompared to autism diagnosis (£.29, ns) and
autistic traits (Z = .054, nshnspection of the alexithymia model revealed a main effect of
increasing alexithymia predicting a reduced number of eye fixations (Estimdfé, SE =

.06, p = .009).

Therewas also a significant interaction between alexithymia and condition, characterized by
a relative increase in the number of fixations to eyes ieitiation recognitioEstimate =

.06, SE = .01, p< .001gped(Estimate = .05, SE = .01, p< .001) anténsity judgement
conditions (Estimate = .11, SE =.009, p <.001;Kgeare 2.2) in relation to thdree-gaze

condition, as alexithymia increased.

Subsequent analyses showed that despite individuals higher in alexithymia demonstrating a
reduced number of eye fixations in the figgeze condition, they do not show a significant
reduction in attention to the eyes in tleeognition(Estimate =.14, SE =08, p = .06)ued
(Estimate = .11, SE = .06, p = .07) anténsity judgemerdonditions (Estimate =08, p =

.28). Thus, data from aggregate measures suggest that individuals with alexithymia adapt

their gaze behaviour according to the task to be peda.

Overall, traditional analyses of fixatimountsupport H1; that alexithymia is a better

predictor of reduced eye gaze than autism.

2.1.3.1.2 Fixation duration

Free-gaze condition: effects of alexithymia and autism

Model selection analyses of fixation duration to the eyes ifréieegazecondition indicated
no significant i mprovements in moeded fit for

DAIC =-2, p = .8). Therefore, none of the models were interpretecefurth
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Condition effects relative to the fregaze baseline: effects of alexithymia and autism.

When analysing all conditions, the al?xithyn
= 78.433 DAIC = 70, p <.001). The autism diagnosis model also outpedd the condition

mo d e’k 11(881DAIC = 4, p < .02). Importantly the stepwise backwards elimination

validation dropped all autism and autistic traits terms but not alexithymia, suggesting a

stronger predictive effect of alexithymia and conditionigatfon duration to eyes over the

other predictors.

The alexithymia model indicated that increased alexithymia is associated with reduced
fixation duration to eyes in trmued(Estimate =.10, SE = .01, p < .001) amatensity
judgementonditions (Estimate =09, SE = .01, p <.001), with a nsignificant trend for
reduced fixation duration to eyes in t@otion recognitiowondition (Estimate =3, SE =

.01, p =.06). Similar results were obtained when analysing each conditioategpar

Alexithymia models also performed better than autism diagnosis and traits models in
predicting aggregated fixation metrics to the mouth and nose, yet models accounting for
alexithymia and autism were typically penalised for complexity. This sugytiestsimpler
models including experimental conditions only are sufficient to explain the mouth fixation

data (se@Aggregated fixation analyses i mouth AOI&in SM for details).

Overall, analyses of fixation duration data, like fixation count data, suppartt i

alexithymia is a better predictor of eye gaze than autism.

2.1.3.2Timecoursemodelsfor eye gaze

The timecourse models of eye galeta use polynomial regressors locked to the stimulus
viewing window to describe the changes in eye gaze proportion across time and how these

patterns are impacted by alexithymia and autism (whether measured as the presence or
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absence of an autism diagreoser the degree of autistic traits) and conditions. Initially, an
analysis of the fregaze condition alone is presented, which is followed by an analysis of
how the pattern of eye gaze changes when comparing each condition to-theez&ree

condition. Thidatter analysis also describes how alexithymia and autism impact the changes
in eye gaze patterns as a function of condition. Only critical terms are described in the text

below.

Free-gaze condition: Effects of alexithymia and autism

Model comparison indated that the alexithymia model outperformed the polynomials only

(nul ) ?2=a78.38BAICf6d,p< . 001), as did the?=autism (
14.947 DAIC = 4,p = .01) whereas the autistic traits model did not provide an improved fit

overt he nul 1=10&HDAIC = Q, B=.07). When comparing standardised

estimates in a joint model, alexithymia consistently emerged as the most influential predictor

(Std. Estimate =23, Std. SE = .07, p <.001) compared to autism diagnosis (Std. Estimate =

.09, Std. SE = .08, ns) andtistic traits (Std. Estimate- .11, Std. SE = .07, ns). Similarly,

the backwards stepwise validation analysis based on AIC eliminated both autism diagnosis

and autistic traits and their interactions with polynomial terms, but not alexithymia and

interactons with higher order polynomials.

Estimates of the alexithymia model suggested a significant intercept (Estimate = 2.72, SE =
.15,p < .001) indicating that overall, participants were more likely to look at the eyes than
not. There was a significant magiffect of alexithymia (Estimate <50, SE = .14p < .001),
indicating that alexithymia is associated with decreased gaze allocation to the eye region.
Alexithymia interacted with higher order polynomials suggesting that temporal evolution of
gaze behawur differs as a function of alexithymia, with highly alexithymic individuals

reaching near asymptote after reduced attention to the eyes early in the tifrad)(8ee2.3).

51



CHAPTER 217 GAZE MECHANISMS

Full details and mouth gaze models are present8dliB Control and additional

analyses in SM.

Condition effects relative to the fregaze baseline: Effects of alexithymia and autism

Timecourse data and model predictions are illustratédgnre 2.3. According to all model

fit criteria,thea | e x i t hymi a model significanftdy outoper
2083.3,DAIC = 2044,p < .001).The autism model (diagnosis) also provided a better fit than
conditi ofFlMOADAICS1107p< . 001) as did tHBe autist
412.38,DAIC = 373,p < .001). However, when directly contrasted within the same model,
standardise@stimates for alexithymia effects were significant and consistently larger (Std.
Estimate =.28, Std. SE = .06, p <.001) than those for autistic traits (Std Estimate = .07, Std.

SE = .07, ns) or autism diagnosis (Std. Estimate = .08, Std. SE = .08, ns).
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Figure2.3 Timecourse analysis.

A ¢ B. Raster plots showing reduced gaze to the eye with increasing alexithymia (A) and
separated into groups with high and low alexithymic traits (for visualisation only; B); C.
Timecourse model for gaze to the eye region. Shaded ribbons represent 95kteGoa

Intervals. Solid lines represent predictions obtained from the multilevel polynomial models.
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The alexithymia model outperforms both the autism diagnosis and autistic traits models in
predicting nonlinear eye gaze behaviour. The analyses aboveiéadlthe first 150 ms of

gaze data; the results remained consistent when excluding the first 500 ms or 1000ms. Note
that the dichotomisation between high and low alexithymia is for visualisation purposes

only, as alexithymia was treated as a continuougipter.

Similarly, thebackwards stepwise selection validation analyeisoved the majority of the
autism terms and none of the alexithymia terms. These results suggest that a model including

alexithymia is a better predictor of eye gaze than autisnmdgagand trait models.

Inspection of the best fitting model (the alexithymia model) revealed a significant interaction
between alexithymia and condition for all higlueder time polynomials but not for the

linear term, indicating that alexithymia isa#d to the conditiospecific nonrlinear

trajectory of gaze to the eyes across conditidhss effect suggests that alexithymia is
associated with atypical dynamic gaze exploration of face regions, in particular the eye
region. Notably, alexithymia wassa related to reduced overall eye gaze across conditions

(Estimate =.48, SE = .10p < .001).

A potential concern that can be visualisedrigure 2.3 relates to the rapid increase in gaze

to the eyes seen at the start of the viewing window. This increase, although an accurate
description of parti ci panttofsthe videysimuusaandas | i k el
such may be less representative of-keatld viewing behaviour. In terms of analysis, this

increase may unnecessarily require that data be fitted by higher order polynomials. Therefore,

to guard against the possibility tHagh-order polynomial terms were improving fit

artefactually, additional analyses were conducted excluding the first 500ms and the first

53



CHAPTER 21 GAZE MECHANISMS

1000ms of gaze data. When the first 500ms of data were excluded it was still the case that
models with higher order ters (up to the quartic order) provided significantly better fit to the
probability distribution of eye gaze over time compared to just the linear té&+a74.12,

DAIC = 954,p< .001) or evehfh= 3IBHOAIC¢E78,d<.00M)iard t er m
including alexithymia outperformed models with no clinical predictets (L746005, AIC =
1746005, p< .001) and with autistic traBAIC = 1743948 and diagnosis DAIC = 904).

Thus,the reported effects remainednsistent with those described above, ghah

alexithymia had significant and large effectseye gazever time compared to smaller

and/or norsignificant effects of autistic traits or diagnosis (see

Figure 8.3 Time course model of eye gaze without the first 500ms in SM). Excluding the first
1000ms resulted in similar results, with the only notable difference being that the best fitting

model was achieved with up to the cubic polynomial, without the quarticheing required.

As a result, the analyses exahabnly the first 150ms. Including as much early data as
possible was thought to be important as hypotheses of atypical eye gaze in autism make
predictions about gaze orientation and rapid eye avoidance, meaning that early visual
attention is theoreticallyetevant to analysis of eye gaze in autism. While all individuals may
show rapid orientation to the eyes, groups of individuals may differ at the rate at which they
do so, or at the rate at which they move away from the eyes. A number of published studies
in autism use early gaze data, including first fixation (Bours & Bakker, 2018; Kleberg et al.,
2017; Kliemann et al., 2012; Madipakkam, Rothkirch, Dziobek, & Sterzer, 2017; Schauder et
al., 2019), precisely to test atypical orientation and or eye avoiddeoe, the agreement
between the three analyses excluding different amounts of early data provides a sensitivity

test of the main findings and suggests that they are robust.
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Thus, with respect to the study hypotheses, the timecourse analysis supporieshéiding

that alexithymia explained atypical eye gaze to emotional facial expressions better than
autism (either the presence of a diagnosis or autistic traits). H2 was also supported, as the
evolution of eye gaze over the stimulus viewing window waslimaar. H3 was also

supported for alexithymia: the (ndimear) trends of eye gaze behaviour over time were

modulated as a function of task, and this task modulation was moderated by alexithymia.

2.1.3.3Non-parametric cluster-based analysis

Whereas the previownalyses allow the overall trajectory of gaze to the eyes to be described
across timethey do not allow identification of the particular time period(s) over the course of
a trial when effects of alexithymia or autism can be seen. To that end, nonparametri

based cluster analyses were performed on every condition while regressing eye gaze
proportions on each bin onto autism, alexithymia or autistic traits separately, in order to
uncover any timespecific effects of each factor (segure 2.4).
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Figure2.4. Cluster analysis of timecourse effects.
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A-D. Shaded areas indicate clusters. If significelnsters are marked: *** p < .001, ** p

<.01, * p <.05. Y axis represent the size of the effect of the standardized predictors on eye
gaze. Dashed y intercepts represent lower critical significance limits for estimates from
Linear Mixed Models. Alexithya consistently predicted significant reduced dgeking
behaviour across time and conditions (red shadedj; Bensity plots from the

nonparametric cluster bootstrapping. X axis indicate summed estimates for all the time bins
in clusters and x intercép indicate individual clusters coloured by alexithymia (red) and

autism diagnosis (green), autistic traits (blue).

In thefree-gazecondition, there was one cluster spanning the entire stimulus viewing
window which was explained by alexithymia. Bootspimg indicated that this cluster was
significant (Clustey7.ssSum Statistic =87.38,p < .001). In contrast, the autism diagnosis
model suggested six smaller clusters, of which only two were significant (GlustBum
Statistic =18.39,p = .03, Clstet.z54sSum statistic =15.42,p = .03). There were no

significant clusters for the autistic traits model.

For theemotion recognitiorrondition, the alexithymia model accounted for two significant
clusters occupying nearly all of the viewing wind@@lustes.es Sum Statistic =52.82,p =

.001; Clustesz7.8sSum Statistic =12.03,p = .03), demonstrating that alexithymia predicts
reduced eye gaze across the duration of the trial. Three small clusters in the first half of the
timecourse were attributed to the autism diagnosis model, none of which reached significance
when assessed Withe bootstrapping analysis (Clusigss Sum Statistic =3.11,p=.12;

Clustef s2.1sSum Statistic =4.28,p = .10; Clustefs 3sSum Statistic =2.00,p = .23). No

significant time clusters were observed for the autistic traits model.
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In thecuedcondition, alexithymia also predicted reduced eye gaze across the timecourse
(Cluster1.7.8sSum Statistic =77.85, p = .002). For the autism diagnosis model, three clusters
suggested reduced eye gaze in autism, yet none were significant when assbgbed wi
bootstrapping analysis (Clusieu 2sSum Statistic =4.2, p = .11; Clusteks.ssSum Statistic
=-1.997, p = .22; Clustes.ssSum Statistic =4.5, p = .09). There were no significant clusters

for the autistic traits model.

For theintensityjudgementondition, there were four clusters for the alexithymia model, of
which the three largest were significant (ClustensSum Statistic =7.31, p = .046;
Clustep.7.4.8sSum Statistic =15.75, p = .02; Clustep7.ssSum Statistic =12.66,p = .03),

with a nonsignificant early cluster (ClustesssSum Statistic =2.45, p = .11). There were

no significant clusters for the autism diagnosis or autistic traits models.

Overall, these analyses highlight that alexithymia is related to camtbysteduced gaze to

the eyes across conditions and over time ksgare 2.4), and therefore support H1; that
alexithymia explains reducexye gaze better than autismmecourse models predicting gaze
to the mouth also favoured alexithymia models over autism diagnosis and autistic traits
models. However, simplenodels including only the effects of condition and the polynomials
were favouredn model selection for the mouth (s@4.3.1 Timecourse for the mouth

AOI in SM).

2.1.3.4Stationary (SGE) and transition (GTE) gaze entropy

Hypothesis 4 stated that gaze will be more predictable (as demonstrated by reduced entropy)
in the emotion recognition and intensity judgement tasks, and when participants are cued to
the upcoming emotion, compared to the fgage condition. Furthermona, line with the

Bayesian hypothesis of autism (Pellicano & Burr, 2012), any task effect may be reduced in

autistic (or alexithymic) participants. Accordingly, entropy analyses were used to examine
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the degree of structure/randomness in the pattern oidinsa(SGE) and gaze transitions
(GTE), and how the degree of structure was affected by autism, alexithymia, and the
experimental condition®anipulation checks and additional details for the entropy analyses

are provided in th€ontrol and additional analyses section of theSM.

2.1.3.5SGE

Free-gaze condition: effects of alexithymia and autism

There were no significant effects of any regressor on SGE indegaze conditionand no
improvement in model fit by the inclusion of alexithymia or autism. None of the models were

therefore interpreted further.

Condition Effects Relative to the Fregaze Baseline: Effects of Alexithymia and Autism

When analysingondition effects, the alexithymia model outperformed the condition model
(=33.75DA1I C = 25.7, p < .001) wieBHBAIC=Ehe aut i
2.7, ns), and t he ?=a466DACH 334, mspdid odhen model ( 6
estimaed in a joint model, thbackwards stepwise selection validation analgig&lsnot

suggest any eliminations, yet this maximal model did not provide any significant

improvement in explained variance compared to the alexithymia model, and the fit indices
suggested overfittingThe alexithymia model indicated a significant effect of condition.
Participants showed less dispersed fixation patterns dimé&egnotion recognitiofEstimate

=-.007, SE =.003, p < .0~cued(Estimate =.01, SE =.003, p < .0Q1and intensity
judgmentconditions Estimate =.04, SE = .003, p < .Q5These effects are consistent with

top-down priors acting to guide gaze fixations in order to complete the task or confirm the

cued emotionThere was also a significant interactionvizen alexithymia and condition

higher levels of alexithymia predicted increased fixation dispersion durirggétecondition

(Estimate = .01, SE =.003, p <.001; seégure 2.5), suggesting weaker modulation of gaze
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by top-down priors relating to cued emotional expressions in alexithykaather

alexithymia by condition interactions were significant.

The SGE analysi providing an index of the predictability of fixations to dynamic face
stimulii supports Hypothesis 4 concerning alexithymia. Gaze was more predictable in the
emotion recognition and intensity judgement tasks, and when participants are cued to the
upooming emotion, compared to the frgaze condition. Furthermore, the effect of task was

reduced in alexithymic participants.

2.1.3.6GTE

Free-gaze condition: effects of alexithymia and autism

The GTE analysis provides an index of the predictability of gaze t@rsifas opposed to

the spatial predictability of gaze fixations measured by the SGE analysis). As with the SGE
analysis, however, condition, alexithymia and autism models did not improve model fit in
predicting the complexity of gaze transitions in fleegazecondition. Therefore, these

models were not further interpreted.

Condition effects relative to the fregaze baseline: effects of alexithymia and autism

When analysing condition effects, the alexithymia model showed a significant improvement

infit compared to £=38.0RACFS®] p<.00h). Thecadtisnt ( 6

di agnosi s model al so o0 ut’p243FDAIC mRIkb, pt<ho8l),condi t
whereas the aut i s t=i26,DAIC 5i3,tps .6)mojant dstimdtiordof not ( 6
autism diagnosis, autistic traits, and alexithymia effects on eye gaze, did not provide any
significant improvement over the alexithymia model and tended to overfit the data according

t o t hé=2B.23DBIC s51, p <.001), showing that the alexithymia model was

sufficient to predict the complexity of fixation transitions (Eégure 2.5).
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The alexithymia modeevealed a significant reduction in GTE in #&motion recognition
condition (Estimate =03, SE = .005, p<.001), and a significant effect of alexithymia in the
emotion recognitiorfEstimate = .01, SE = .005, p = .@l)ed(Estimate = .03, SE = .005,9
.001) andntensity judgmentonditions (Estimate = .01, SE = .005, p = .03); whereby
increasing alexithymia was related to reduced predictability (increased entropy) of gaze

transitions in these conditions.
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Figure2.5 Entropy effects.

A. Transition matrices showing the difference in conditional transition probabilities between
AOIs (eyes, mouth, nose) as a function of alexithymia (contrasted as high vs. low; median
split for visualisatiop Positive values indicate increased transition probability for highly
alexithymic individuals whereas negative values represent decreased probability of
transitions for highly alexithymic individuals(B Scatter plots for linear mixed models

showing that increasing alexithymia is associated with increased entropy in both autistic and
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non-autistic individuals. Dashed line represents global trend line and faded lines illustrate

random variability across trials.

Thus, consistent with the entropy analysfishe dispersion of gaze fixations (SGE), the
predictability of gaze transitions as a consequence of condition reveals less of an influence of
top-down priors relating to task, or knowledge of the upcoming emotional face stimulus, in

alexithymic individuds. Thus, both the GTE and SGE data support Hypothesis 4.

2.1.3.7Emotion recognition and gaze

Both autism diagnosis and alexithymia predicted emotion recognition accuracy. Specifically,
neurotypical individuals were more accurate than autistic individuals 8279, p < .001),

and increasing alexithymic traits predicted poor emotion recognition-2269, p = .007); a
similar effect was observed for autistic traits (2324, p = .001), however, in model
comparison all of these modes had comparable fit amd owmplex models tended to

overfit.

There was however no effect of looking time to eyes on emotion recognition accuracy (Z =
.80, p = .4) nor interactions between looking time and clinical predictors on this measure (all
p > .05), which was consistent wheeplacing eyes with nose and mouth looking measures.
Similarly, correlations between gaze measures, accuracy and intensity ratings were all below
.1 and norsignificant (sedable8.2 Zeroorder correlations for aggregated daita SM).

There were also no effects of SGE (Z =.12, p=.9) or GTE on accuracy (Z = 1.3, p =.19) nor

interactions with clinical predictors (all p > .05).
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2.1.4 Discussion

This study investigated whether autism or alexithymia was the better predictor of eye gaze
while individuals with and without autism and alexithymia completed four tasks with
dynamic emotional facial expressiofgevious studies addressing eye gaze irsauhave
typically aggregated gaze behaviour across time, analysing the number of fixations on, and
the total duration of attention to, the ey&ynszpan & Nadel, 2014; Hadjikhani, Asberg
Johnels, et al., 2017; Kliemann et al., 20123ing these standard analyses, the current data
indicated that alexithymia was a better predictor than autism of reduced eye gaze to
dynamic emotional facial expressions. Furthermore, alexithymia was a better predictor of
how these aggregated metricsookrt attention to the eyes changed as a function of

condition.

These results are consistent with the only previous study of the impact of alexithymia on
attention to the eyes in autism (Bird, Press, & Richardson, 2011) and recent similar
observations imontclinical participants (Fujiwara, 2018; Wiebe, Kersting, & Suslow,

2017) and autism (Clin, Maes, Stercq, & Kissine, 2020). These results go significantly
beyond these earlier studies however, as previous studies sometimes consisted of small
sample size€Bird et al., 2011), used hardtawn AOIs to define gaze to the eyes or used
static stimuli, and used standard algorithms developed for neurotypical individuals to parse
eye gaze data from autistic individuals into fixations and saccades. These mettoadiolog

features are limiting for the reasons outlined in the Introduction.

Moving beyond traditional gaze metrics, separate analyses incorporated the temporal
domain by modelling eye gaze behaviour over tifrteee hypotheses were tested using

these analyses$il stated that alexithymia would be a better predictor of eye gaze than
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autism. H2 predicted that gaze behaviour to the eye region of emotional facial expressions
would evolve in a nofinear fashion over the stimulus viewing window. H3 predicted that
the evolution of eye gaze behaviour will be modulated as a function of task and alexithymia

and/or autism.

Results supported t h-deminsttatng that diexitnyme providgsot h e s i
the best explanation of gaze behaviour to the eyes overitifesncing the nofinear

changes in eye gaze in both the neurotypical and autistic group, and modulating the effect

of task on the evolution of gaze behaviour. The temporal clbsteedanalyses were

consistent with this, indicating significant effeofsalexithymia that persisted across the

viewing window across conditions, with very few significant periods in which effects of

autism were observed. The persistence of the alexithymia effects mean they are unlikely to

reflect atypical reflexive resporser orientation tendencies, and instead likely reflect

atypicality in the goatlirected visual exploration of emotional faces in alexithymia.

Thepresenstudy manipulated the task required of participants when presented with the
emotional faces. Participants were either free to gaze at the stimuli as they wished when
they were unaware of the upcoming emotion, or when they were cued as to the emotion
they would see; or they were asked to recognise the emotion or judge the intensity of the
emotion. Such manipulations were motivated by previous findings ofdigs&ndant gaze
behaviour(Del Bianco et al., 2018; Hessels et al., 2019; Ricciardelli, Carcagnay \&l
Bricolo, 2013)and theories suggesting that autistic perception is less affected bytpaors
neurotypical perception (Pellicano & Burr, 2012). One might therefore have expected
individuals with autism to modulate their gaze patterns less whehtouge upcoming

emotion, or when required to complete a task, compared to-gdmesituation. In fact,
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alexithymia was a better predictor than autism of modulation of attention to the eyes by

task.

The effect of perceptual priors on gaze was addddsgéhe fourth hypothesis which stated

that gaze will be more predictable (as demonstrated by reduced entropy) in the emotion
recognition and intensity judgement tasks, and when participants are cued to the upcoming
emotion, compared to the frgaze coniion. Hypothesis 4 also stated that any condition

effect may be reduced in autistic or alexithymic participants. Results of the entropy analyses
supported Hypothesis 4 in showing reduced entropy (reduced randomness/increased
predictability) in the spatialispersion of gaze fixations and in gaze transitions in all
conditions compared to the frgaze condition. Furthermore, the effect of the task on entropy
was reduced in alexithymia such that individuals with alexithymia showed an increase in
entropy (moe dispersion and randomness in gaze) during cued conditions. This latter finding
is not necessarily inconsistent with other studies showing increased randomness in face
scanning in autistic children (Shic, Chawarska, & Bradshaw, 2008; Wang et al., 2020),
increased exploratory gaze by autistic individuals (Vettori et al., 2020), and a reduced effect
of priors on recurrencef fixations(Krol & Kroél, 2019), as these studies did not account for

alexithymia or used neamotional static visual stimuli.

It is worth considering why alexithymia would lead to a reduced effect of condition on gaze
entropy, given that the primary prediction relating to condition was an effect of autism, due to
theories suggesting that autistic perception is less influenced by pyedittian neurotypical
perceptionPellicano & Burr, 2012; Sinha et al., 201®ne explanation for the effect of
alexithymia on the use of priors is related to imprecise emotion concepts in alexithymia.
Previous studies have showigh-level confusion beteen emotion categories in

alexithymia (Brewer, Cook, & Bird, 2016; Cook, Brewer, Shah, & Bird, 20$8¢h
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confusion may mean that alexithymic individuals struggle to individuate emotion categories,
whichin the context of visual exploration of emotionatial expressionsaybe reflected in
areducel ability to modulate gaze in responsdask demandsr to show confirmatory

gaze behaviour reflecting predictions about upcoming emotional stimuli.

Interestingly, the effect of alexithymia on eye gaze weexHic; effects of alexithymia

and/or autism on gaze to other face regions were not robust @ignaficant. As such,

these results reinforce earlier claims of the importance of reduced eye gaze in the autistic
population (Kliemann et al., 2010; Stepken, Luke, & South, 2019), but suggest that the
reduced eye gaze to emotional stimuli may be dueoccarring alexithymia (Bird et al.,

2011; Brewer, Cook, Cardi, Treasure, & Bird, 2015). These results might also be indicative
of distinct factors undeying modulation of attention to eyes and mouth. Whereas higher
order emotion processing affects eye gaze, it may be the case that attention to mouth

regions is largely dependent on functional requirements of the task, e.g., decoding speech.

The current ragts can inform future research in four ways. First, because the heterogeneity
in emotion processing and social attention in autism may be driven by alexithymia,
assessment of alexithymia in studies of socioemotional processing and social attention in
autism is essential. Second, models of social attention in autism need to incorporate
potential causal influences of alexithymia on socioemotional behaviour. Third, looking time
measures are likely to underestimate group variability, and for dynamically dgangi
behaviour such as gaze to dynamic expressions, aggregated metrics may not reflect the
underlying distribution of visual exploration over time depending on the task (Barr, 2008;
Mirman et al., 2008). Describing the temporal dynamics of gaze also oftexgal and
conceptual advantages over traditional-&geking research in autism. For example, data

can be analysed without being unreasonably penalised for the multiple comparisons
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incurred in the use of multipleyetrackingmetrics (entry times, fixation duration, dwell),

the interpretation of which is often not clear when related to eye gaze hypotheses in autism
(Cuve et al., 2018; Hessels, 2020). Fourth, the current results demonstrate that participants
modulate their att&ion to the eyes as a function of the task they were perforrhieg.

gaze conditions may therefore be more likely to reveal reduced eye attention in the autistic
population, as a result of @mcurring alexithymia, than active tasks such as emotion
recoqnition. Conversely, experimental conditions manipulating the effect of priors on gaze
may be more sensitive to illustrate atypical modulation of eye whzEh may not be

apparent inooking time measurg®.g., when using entropy to measure the complexity

gaze patterns).

A limitation of the current study is th#dtwas not optimised to measure the relationship
between eye gaze and the accuracy of emotion recognition. Overall, autism and alexithymia
were reasonably comparable in how well they predietadtion recognition accuracy, yet

when controlling for alexithymia neither autism diagnosis nor autistic traits had a significant
effect on accuracy. Nonetheless, the emotion recognition task was only one of four conditions
in the experiment, and only arlited amount of data could be recorded per person in this
condition. It is certainly the case that not enough data were recorded to examine how the
relationship between attention to the eyes and emotion recognition accuracy might vary
depending upon the artion portrayed. There is, however, consistent evidence from previous
studies using carefully matched samples and sensitive emotion recognition tasks that
alexithymia is the driver of atypical emotion recognition in both autistic (Bird et al., 2011;
Cook ¢ al., 2013; Ola & GullorScott, 2020) and nedlinical volunteers, including

correlations with atypical eye gaze (Fujiwara, 2018) and diminished sensitivity to emotion

intensity (Starita, Borhani, Bertini, & Scarpazza, 2018). Subsequent studies shoefiokéhe
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explore how autism and alexithymia may impact the relationship betspagiotemporal

dynamics of eye gaze and emotion recognition abilities.

Finally, it also needs to be acknowledged that the group of autistic individuals who
volunteered their p&cipation in this study were not representative of the autistic population
as a whole. They were a group of autistic adults with a very high mean IQ, and relatively low
levels of overt symptoms (at least when assessed with the ADOS). This experiméotethere

needs replicating with a more representative sample of autistic adults and children.

2.1.5 Conclusion

Across different analytical approaches, this study demonstrated that spatiotemporal
differences in eye gaze patterns to emotional expressions are dastezkpy alexithymia

rather than autism diagnosis or autistic traits. The findings highlight potential underlying

visual processing mechanisms of atypical emotion processing in alexithymia and autism.
They echo growing calls for the need to account feretifiects of alexithymia when studying
emotion processing. They may also go some way towards explaining previous inconsistencies
in the literature and may offer a useful model for studying the gaze patterns of atypical

groups.

Supplemental materials:see8.1 Chapter 2. Supplementary Materials

Data availability: Code and data availablel#tps://osf.io/nxdkj/
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2.2 What comes nex?
Chapter 2 provided the first tesftthe alexithymia hypothesis and Bayesian accooint

autism on gaze modulation to facial expressiosgg noveimethodological approack&
characterise the dynamics of gaze allocation to faces. In Chapter 3, | expand on this work to
provide further tests of the alexithymia hypothesis and Bayesian account of social attention
and extend the current approachhestudy ofspatiotemporal dynamics of facial expressions

and their effects on social attention
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CHAPTER 31 STIMULI AND TASK INFLUENCES

3 CHAPTER 3. CONTRIBUTION OF FACE
DYNAMICS AND PRIORS TO SOCIAL
ATTENTION AND EMOTIO N PROCESSING
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3.1 REPRESENTATION OF EMOTION IN LINEAR AND NON-
LINEAR DYNAMICS

Abstract

Faces are one of the main stimuli used to investigate emotion recognition and social attention.
Although research has traditionally utilised static photographs of emotional expressions, there
has recently been a shift towartie use of dynamic stimuli. The use of dynamic stimuli
introduces complexities in stimulus control, however, relating to the fact that face stimuli can
vary greatly in their dynamic properties (speed, displacement patterns). Although frequently
not analysedthe impact of this dynamic variability on emotion processing is the focus of this
paper. In Experiment &timuli analyses show differences in emotiafated spatiotemporal
information extracted from posed facial expressions typically used in ematesreh, as

well as the influence of morphing on face dynamics when used to generate stimuli.
Experiment 3 reveals that the varying linear and-imgar dynamics in face stimuli

influence judgements of how intense and natural those stimuli are, while hessnimpact

on valence judgements. Analyses of recognition accuracy suggest that judgements of facial
expressions are optimised according to the expected spatiotemporal profile of the emotion.
These results highlight the need for greater consideratitiredampact of the dynamics of

face stimuli on emotion processing, including the implications of animating faces with
techniques that affect emoti@pecific nonlinear dynamics. This study also provides a

pipeline that can be used to 1) analyse face #israynamics and select stimuli in a

reproducible and objective manner, and 2) derive statistics describing dynamics that can be

used for further analysis.

Keywords: face dynamics, emaotion, faces, prototypicality, morphing, quality.
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3.1.1 Introduction

Face smuli are commonly used within emotion research for investigating the ways in which
humans signal and decode affective information duringt@aface communication (Jack &
Schyns, 2015). Notably, early theories hypothesising the existence of universal
corfigurations of emotional facial expressig&aul Ekman & Friesen, 198B6ave largely
dictated the choice of face stimuli. Accordingly, most research has used static photographs
depicting prototypical facial expression configurations as specified by the Facial Affect

Coding System (FACS), bas@aulEaman &kiesann19&86n d Fr i

It has recently been argued, however, that in order to study emotion perception as it occurs in
reaklife social interactions, dynamic stimuli depicting facial expressions of emotion should

be used instead of static photographs. It is argued thatdtien in facial expressions

provides an additional source of information useful for emotion recognition, leading to a
6dynamic advantaged, where emotion recognitd.i
stimuli( Ar sal i dou, Morris, & Taylor, 2011, Liu,
al., 2011) However, the degree of dynamicvadtage observed is modulated by

characteristics of the particular stimuli employed and how they vary in prototypicality,

intensity, and naturalne¢®obs, Bulthoff, & Schultz, 2018; Fiorentini & Viviani, 2018nd

whether the expression was performed spontaneously, or as a deliberate communicative act

(Barret et al., 2019; Motley & Camden, 1988).

Findings that the size of the dynamic advantage varies as a function of stimulus
characteristics highlight that dynastimuli are highly variabléKrumhuber, Skora, Kuster,
& Fou, 2017)Perhaps most weknown are the motion and morphological differences
observed between posed and spontaneous facial exprg®éaonisa, Makihara, Kabir,

Miyatani, & Nakao, 201} But even within posed expressions, the most common expression
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type employed in psychological studies, the intended communicative goal of the expresser as
well as the type of expression elicitation method (e.g., uninstructed vs. FACS template)
affectsthe spatiotemporal dynamics of the expression. This in turn changes how prototypical
and intense expressions app@&aumhuber, Kappas, & Manstead, 2013; Yitzhak, Gilaie

Dotan, & Aviezer, 2018)and how well they are classified by both human and machine

classifiers (Yitzhak et al., 2018; Krumhuber et al., 2020).

How these dynamic properties of facial expressions affect inferences about emotion has only
been explored directly in a few studies. For example, Cosker et al. (2010) and Kolkorova et
al. (2018) kowed that observers preferred, and were better at recognisintnean

expressions over animations depicting artificial linear expressions, and rated them as more
natural. Dobs et al. (2014) extended this finding by demonstrating a complex relationship
between the different types of linear and #iaear approximations of natural face motion

and similarity judgements, which varied as a function of the emotion category. In addition,
Jack et al. (2014) identified random patterns of face action synthésised few

spatiotemporal parameters (including latency, speed, and shape of action unit activation) that
reliably predicted observersd representation
(2020) showed causal links between the speed of faciabn and the emotion attributed to

facial expressions. This research suggests that expression dynamics are important
determinants of emotion perception and that observers are likely to learn some aspects of
these dynamics. This is consistent with prgi®ef a motiorbased facspace, in which the
dynamic properties of facial expressions are represented and evaluated inkmsedm

fashion and through which facelated computations (e.g., emotion recognition,

conversational identity recognition) amplementedDobs, Bilthoff, & Schultz, 2016; Furl

et al., 2020)
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An implication of these findings is that facial dynamics need to be accounted for when
selecting and/or generating experimental stimuli. Theiaichpn perceptugdrocessemust

also be accounted for, otherwise group or individual differences that are found in the
processing of facial expressions may be related to the specific dynamics of a particular
stimulus set, and not generalise to other diiMecounting for variability in dynamics is not
common, but expressions show marked variability in real life (e.g., Brewer et al., 2016; Zane
et al., 2019), and in stimulus sets used for research (Dobs et al., 2018; Krumhuber et al.,
2017). Changes inistuli - with accompanying changes in the spatiotemporal dynamics of
emotional expressiongnay producesizablevariance in how emotional expressions are

perceived and processed.

The present study therefore has two aims. First, to investigate the extdmttovariability

in emotional expression stimuli produces variance in spatiotemporal dynamics for different
emotions. This was achieved by quantifying the degree to which the dynamics in stimuli from

high and low prototypicality stimulus sets differedrfr one another, as well as how these

original stimuli compared with their simple linear (morphed) approximations. Second, to
determine how changes in expression dynamics

valence, intensity, naturalness, and recogniticcuracy).

It washypothesised that emotiarlated dynamics would differ depending on stimulus set
(high vs. low prototypicality) and typadnlinearvs.linear). As a consequence, given

previous findings (Dobs et al., 201&)waspredicted that judgments of then-linearand
linearexpressions would differ depending on emotion and stimulus set. In light of research
showing dissociable effects of dynamics on emotion categorisation and intensity judgments,

with spatial dynamics itdiencing categorisation and temporal aspects influencing intensity
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(Chen et al., 2021}t was alsqpredicted that intensity and naturality judgements will be more

strongly impacted by morphing than valence judgements and recognition accuracy.

EXPERIMENT 2 : Spatial-kinematic analyses of facial expressions

3.1.2 Methods
3.1.2.1Stimuli

Two sets of dynamic emotional facial expressions were chosen to represent the stimuli
typically used in psychological research, displaying both prototypical and intense emotional
expression$ Amsterdam Dynamic Facial Expressions SADFES; (van der Schalk,

Hawk, Fischer, & Doosje, 201and subtler, nostereotypical expressioiislerusalem
Emotional Facial ExpressioiisleFEE(Yitzhak et al., 2017)Hereafter, the ADFES stimulus
set will be referred to as the high prototypicality and the JeFFE stimulus set will be referred
to as the lowprototypicality stimulus seFjgure 3.1). Note that, as is typically the case in

the literature, intensity and prototypicality are confounded, with highly prototypical
expressions als@ted as more intense and vice versa. Both stimulus sets include videos of
young male and female actors (280 years old) and have been previously validated in
terms of valence, intensity, and recognition accuracy (van der Schalk et al., 2011, Yitzhak e
al., 2017). The final set contained 8 identities from each stimulus set, four female, all

expressing anger, happiness, sadness, fear, surprise, and disgust.

3.1.3 Stimulus processing

Stimuli were equalized across stimulus sets as much as possible on lowddadaini

featuregface sizelighting). First, all videos were trimmed to the length of six seconds, with
actors displaying a neutral expression for approximately one second at the start of each video.
A linearexpression was then created for each of the original videos by selecting a neutral and

a peak frame from each vidaod morphing thenirhe number of frames for the morphed
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expression was matched to the original videos by making the number of morphitidtians
between the neutral and peak frames the sanmetlas originalvidea All morphed videos
were screened for naturalness and distortions. Distortions were corrected in individual frames

using photo editing software.

3.1.4 Data analyses

3.1.4.1Data pre-processingand reduction

All data analysis prprocessing was performed using custorm&kdown scripts (FBtudio
1.2.5033, running R version 3.6.3)p&énhFace an opensource toolbox implementing face
recognition and trackin(Baltrusaitis, Zadeh, & Lim, 2018yas used to extract coordinates

for 67 face landmarks for each video frame (Sepire 3.1).

These coordinates were thesed to compute nine face distances that have been previously
identified to reliably capture face actions involved in emotional expressions (e.g., mouth
opening, eydrow widening; se€Ekman et al., 1987; Furl et al., 2020; Sowden, Schuster,

Keating, Fraser, & Cook, 2021; Zane et al., 2019)

The face actions were computed as Euclidean distances of the 2D coordinate time series (x
and y coordinates) of the face landmaikig(ire 3.1-C). This calculation was carried out

for all frames, creating a time series of distances associated with each face action for each
video. To simplify analyss, a covariance matrix was then computed for all the face action
distances to identify the actions least correlated with the other actions and with D1 (overall
face action), resulting in 4 distances with correlations below .5. This resulted in two eye
distances representing eye opening (D3 and D4), one eyebrow wid®&a)gne nose

length (D7), and one representing mouth width (D8). The identified distances explained the
highest amount of unique variance in face actions, ensuring that no face action was

overrepresented. The distances were then averaged at each frame, resulting in one average
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face distance for each frame that represents the average amount of action in that frame of the

expression.
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Figure3.1. Experimen® ¢Analysis ostimuli

A. Sample stimuli from the high and low prototypicality stimulus sets, also used to create
the morphed stimuli. B. Face movements were tracked over time using OpenFace. C.
Distances representing face actions were computed for each frame. D. These distenees

used to create a timeseries of average face action for use in subsequent analyses.
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3.1.4.2Multilevel polynomial modelling

Using multilevel models, the timeseries of the average face action at eaclwfiame
regresseanto stimulus set (high vs. low padypicality), stimulus type (morphéthearvs.
originalnortlinear) and emotion (anger, happiness, sadness, fear, surprise, and @disthest)
stimulus level. To capture how the dynamic patterns of face actions vary over time,
orthogonal polynomial powsrof the time term (linear, quadratic, and cubic) were computed
and fitted as interactions with the fixed effects. These polynomials were chosen based on a
smoothed visualisation of the timecourse of face actions, which indicated these trends. This
approadt is also known as growth curve modelling and has been described in greater detail in
Mirmam (2014)and was also discussed in ChaptefAfer simplifying the maximal model
structure to eliminate convergence errors, the model included random effecitnfitusset,

stimulusid and the fitted polynomial terms:

face distance ~ stimulus set * stimulus type * emotion * (otl + ot2 + ot3) + (1 + otl + ot2 +

ot3 | stimulus id) + (O+stimulus set | stimulus idjth ot representing the polynomial terms.

This anaysis permits modelling both the effect of stimulus set and stintyjhgson average
face action changes, and the inclusion of the polynomials allows assessment of the linear and
nortlinear patterns of face actions over time (e.g., differences in thendithape of the face

signals in addition to differences in the average face action).

3.1.4.3Nonparametric Time Clustering Analysis of Face Dynamics

In addition to comparing the two original stimulus sets, medplias usetb create simple

linear approximations of the original stimuli. To investigate the effect of this manipulation of
the stimulus dynamics, time clusters that distinguished morphed and original stimuli on the
basis of face action changesre identified By contrasting morphed and original time series,

the most salient differences in dynamics can be identified, with temporal clusters of
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differences representing either periods of significant loss of dynamic information in morphed

expressions, or artefactualastges in dynamics relative to the original expressions.

Accordingly, the time series of average face action changes was divided into time bins (n =
40, 4 frames per bin) and a nparametric clustering technique describe(Miaris &

Oostenveld, 2007) also described in Chapter @ias implemented to identify contrast effects

on spatiotemporal auoorrelated timeseries da#&s a recap,iis method accomplishes three
objectives: 1) it avoids detecting spurious differences, for example, at a frame level, as any
meaningful differencem dynamics are expected to cluster temporally; 2) unlike traditional
multiple comparison corrections which are unreasonably conservative for most time series
data, nonparametric clustering controls for Type | error while preserving power, regardless of
the threshold used for selecting significant time bins; and 3) this method preserves the

temporal dynamics that may be sacrificed by analyses that aggregate dynamics across time.

This approach consisted of 4 steps:

1. A mixed model contrasting stimulus typedrphedvs. original) was fitted to predict
face action change at each bin for each stimulus set.
2. Significant adjacent time bins (ak .05) were clustered by summing their statistics.
3. A null distribution was created by randomly shuffling predictor labalsrphedvs.
original expressions).
4. Repeating steps 1 to 3, 1000 times and comparing the number of times the summed
statistic was larger than the random summed statistics.
Finally, the covariance in dynamics across stimas assessda correlating their
timecourses across emotions for each data set and stimulus type, producing a similarity

matrix for face dynamics.

79



CHAPTER 31 STIMULI AND TASK INFLUENCES

3.1.5 Results
3.1.5.1Multilevel polynomial modelling

The average face action for each emotion, stimulus type and stimulus set are displayed in

Figure 3.2, along with the emotion timecourses for each stimulus type and stimulus set.

As expected, the high prototypicality stimulus set showed larger face actions on average than
the low prototypicaty stimulus set (Estimate = 2.93, SE = 086;.001; High > Low
prototypicality). There was also an effect of morphing on the average face action (Estimate =
2.09, SE = 0.8y = .02; Original > Morph) and a main effect of emotion on the amount of
action with significant pairwise differences for all pairs (p corrected < .05) except fear vs.

surprise, disgust vs. happiness, and anger vs. sadness.

There was a significant interaction between emotion and stimul@i§seb.01)= 36.71,

MSE =1938p < .001): post hoc analyses showed that there were 50% fewer significant
pairwise differences between emotions for the low prototypicality stimulus sdti(pee

3.2) compared to the high prototypicality stimulus &milarly, there was an interaction
between stimulus type and emotion, showing that morphed stimuli resulted in fewer distinct

average face action patterns for emotions, compared to originassiqgns.

For the timecourse of face actions, there was an interaction of stimulus set and higher order
polynomial terms (quadratic and cubic), suggesting that in addition to differences in average
face action, stimulus sets showed systematic differendbg itemporal patterns of face

action change over time. In particular, prototypical (original) expressions showed marked

nonlinear timecourses, compared to less prototypical expressionsi(ge® 3.2-B).
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Figure3.2 Aggregate andimecourseof faceactions

A. Average face action (baseline corrected) by emotion, stimulus type and stimulus set.
Separate points indicate individual stimuli with colour representing emotion. Dashed y
intercept represents baseline. B. Expression timecourses varied, with protdtppisad
expressions showing ndimear timecourses which were not captured well in morphed
expressions. Highly prototypical expressions had more didimeicourses compared to

less prototypical expressions. An = Anger. Di = Disgust, Fe = Fear. Hared$a@a =

Sadness. Su = Surprise. High prot = High prototypicality. Low prot = Low prototypicality. ***

p < .001.
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There was also an interaction between all the polynomials and ern(sg&irable8.5 Full

Model Details; Experiment 2n Appendices These effects show that differences between
emotions are captured by different functional shapes that characterise how these expressions
evolve over time (seigure 3.2). There was a significant threeay interaction between

stimulus typestimulus set and the polynomiakms. Exploratory visualisations

demonstrated that #hinteraction was driven by ndimear patterns that approximated

sigmoidal trends in face action in high prototypicality expressions, and subtkinearities

in low prototypicality stimuli, compared to morphed stimuli which were best fitted by linear

trends (se€&igure 3.2).

3.1.5.2Nonparametric time clustering of facedynamics

The timecourse analysis sought to identify time clusters that distinguistigithed and

original facial expressions. Overall, morphed and original stimuli differed by emotion, with
some emotions showing particularly marked differences in the average face action signals
between stimulus types in both early and later time clust@georph>original

sadnessorph<origing, throughout the timecourse (feahh<origina diSgUShorphsoriging) OF only in

the middle cluster (surprisépn<origing) I SeeFigure 3.3 for each individual emotion.

Both when analysing at the stimulus set level and when collapsing across stimulus set and
emotion, morphed vs. original differences in face action clustered mostly at the earlier stages

of expression, especially for the low prototypicality expressions.

These results indicate that mom#¢mimoment differences in face action changes are
apparent in early time clusters, suggesting that early dynamics in posed facial expressions
may carry temporatontlinearities (related to the activation pattern of face actions) that are
not wellkmodelled by simple morphed animations of expressions (assuming a linear change

of expression).
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Figure3.3 Nonparametric time clustering of face actions.

Gontrasting morphed vs. original stimulus types. Horizontal colour bars represent p values:
uncorrected (lower), Bonferroni corrected (middleyplues, and significant vs. non
significant clusters based ommnparametric bootstrapping (top). Darker colours indicate
lower p-values. Positive test statistics indicate greater face action change for morphed, and
negative test statistics indicate greater face change for original, expressions. Dashed red

lines indiate test statistic cubffs.

In turn, this indicates that initial face movements exhibit high variability andinear

patterns (e.g., rapid acceleration), consistent with the quadratic effects in the polynomial

models reflecting differences betweemstlus type, emotion and stimulus set.
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Finally, as an exploratory analyseéset oftorrelationsvas computetbetween timecourses

of face action changes across emotions, allowing covariance of the dynamic face patterns to
be assessed statistically (rattigan absolute differences as in the analyses above). The
covariance matrices indicate more distinct patterns for the highly prototypical expressions
(more divergent heatmapseeFigure 3.4) resulting in higher covariance patterng £R49,

p < .01, oftdiagonal = .28p < .05) compared to less prototypical expressiors(R1,p <

.05, oftdiagonal = .01ns).
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Figure3.4 Similarity matrices for spatiotemporal dynamics.
Showshe correlation of spatiotemporal patterns of face action across emotions by stimulus
set and stimulus type. Corr = Correlation (Pearson). An = Anger. Di = DisgusédreHa =

Happiness. Sa = Sadness. Su = Surprise. ** p <.01; * p < .05, nsignifarant.
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In all cases morphing increased the covariance of face action patterns almfudt twhile
also resulting in more divergent heatmaps. This suggests thatinggptificially
exacerbated differences between expressions in the spatial pattern of facial action while

blurring differences in their temporal dynamics.

3.1.6 Discussion

Analysis of two stimulus sets using timecourse analyses provides evidence thai@xpress
varying in levels of prototypicality differ in their dynamic statistics. These results confirm the
variability within posed expressions, showing that prototypical expressions have clearer and
more distinct spatiotemporal patterns for different ematibuot also show stronger temporal
covariance, compared to less prototypical expressions. Clustering analyses highlighted that
differences in dynamics between stimuli are mostly evident in early time clusters that
represent initial face movements. Impottgninear approximations of original expressions
(morphs) affected the emotiapecific norlinear dynamics that characterised prototypical
original expressions to varying degrees. Similarly, morphs had a loss of specific temporal

dynamics while maximisig the spatial appearance linearly over time.

The current results support the need to investigate the effects of the dynamic variability of
facial expression stimuli oobserverprocessingwhich may have implications for the
generalisability of resultsbtained from studies using a single stimulus set or a limited

number of emotions.
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EXPERIMENT 3. Effect of expressiondynamicson emotion processing

Experiment3 aimed to investigate how the variability in expression dynamics revealed in
Experimen2i nf |l uences observersod emotion categor.

and naturalness.

3.1.7 Methods
3.1.7.1Participants

A total of 106 participants (61 female) after exclusions (N = 5 because they failed attention
checks), with no current or recent (in fhrevious 6 months) mental health conditions took
part (Mege= 32.9, SQge= 8.79 [18i 50]). Sample size was determined a priori through
simulation based on pilot data, indicating that approximately 60 to 70 participants would
provide 80% power to deteatsmall effect size of interest. Participants were recruited via
Prolific.ac and compensated for their time. All participants reported English as their primary

language and resided in the UK at the time of the study.

3.1.7.2Dynamic emotion task

Participants wershown original and morphed versions of the facial expression stimuli used

in Experiment2 and asked to rate them for valence, intensity, and their degree of naturalness
(6naturalityé6). Participants wgure3.lapaxcb asked
B) by choosing from 7 labels (anger, disgust, fear, happiness, sadness, surprise, and neutral).

The task was designed and deployedGailla.sc, an online platform for behavioural
experimentgAnwyl-Irvine, Massonnié, Flitton, Kirkham, & Evershed, 202B¢cause there

were more stimuli than could be practically completed by a single partigipan online

setting, each participant was randomly assigned a portion of the task comprising of 96 trials.
Random attention checks were included which displayed unrelated words (e.g., air, fuss, cup)

for less than 200ms in less than 5% of trials. Bigdints were asked to choose the word they
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had seen and those who made more than one mistake in reporting the words were excluded
from further analyses (N = 3). 2 additional participants were excluded for showing

implausible completion times.

3.1.7.3Data analysis

3.1.7.3.1 Generalised andinear mixed models

Generalised and Linear Mixed Models (GLMMs) were fitted in Ime4 (Bates et al., 2014) to
predict participantsodé scalar ratings (valenc
model was used for modelling tiihy-trial recognition accuracy (binary accuracy). The

starting model always had the form:

DV ~ stimulus type& emotion* stimulus set (1+stimulus type* stimulus sgparticipant id)

+ (1 |stimulusid).

Where stimulus type (morphed vs. original), ¢imo(anger, happiness, sadness, fear,
surprise, and disgust) and stimulus set (high vs. low prototypicality) were estimated as fixed
effects, and participant and stimulus id were estimated as random effects. Slopes were
dropped where appropriate due tmeergence errors, neaero variance and or almost
perfect correlation with intercepts. To avoid overfitting, moeedse simplifiedin three

steps: firstpy usng the stepfunction from the ImerTest package v. 3.(A0Kuznetsova,
Brockhoff, & Christensen, 201%) iteratively select and remove terms; secdaydgefitting
models dropping eliminated terms in step 1 and computedsmu&ed equivalent measure
for mixed models proposed {(Barton & Barton, 2015)and third, ANOVA Type lll tables
were computedb test the significance of each terdtnwvassettled on a model when changes
in explanatory power remained relatively constant with addition of further t&inss.
methodwas comparetb the Likelihood Ratio Test using anovamethod in R to contrast

nesed models, with the model with the lowest AIC and BIC (delta > 4) preferred, which
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agreed with the methods described above. The paekageang$Lenth, Singmann, Love

Buerkner, & Herve, 2018yas used to probe planned and post hoc contrasts and interactions.

3.1.7.4Similarity analyses

In addition to looking at differences in the ratings (absolute valil@gdsassessed whether

the rating pattern within each judgemérdlence, intensity, naturality, recognition, and
confusion) was consistent within and across participants, for morphed and original stimuli.
This analysis is useful as, for example, despite potential differences in valence ratings (e.qg.,
original > morph) participants may still show consistent ratings such that the covariance of
ratings across emotions remains consistent (e.g., anger expressions are still judged as having
stronger negative valence than sad expressions). To do this, vectors were cregatethgo

each rating (valence, intensity, naturality, and recognition), for morphed and original
expressions, independently for each stimulus set. Thesepaeeel by stimulus id, and a
correlation coefficient computed between all pairs for each pamicipacorrelation of zero
would indicate no relationship between a par
and original stimuli, whereas a positive correlation indicates that morphed and original
expressions were rated consistently by a givaetigipant. These correlations were then
transformed using the Fisheta-z method and submitted to a single samyjtést. A

significant test ap < .05 can be taken as an indication that this correlation pattern is
significantly different from zero acss individuals and the magnitude and direction of the
relationship can be compared between stimulus(Ketsn, Wydell, Lavan, McGettigan, &

Garrido, 2017)In other words, stronger positive vatuindicate increased similarity in the

pattern of ratings which would suggest limited effects of spatiotemporal differences induced
by morphing, whereas smaller or negative correlations would indicate that morphing affected

rating patterns.
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For recognitiom accuracy scores, it was also possible to compute confusion matrices, which
were used to assess the overall pattern of responses across stimuli for morphed and original
expressions. Like the similarity analyses, confusion matrices were computed for each
participant, stimulus set, and stimulus type, and then correlations between confusion matrices
calculated for morphed and original stimuli. A single samyést was performed on the

Fisher rto-z transformed correlation scores for statistical inferenteeagroup level. Finally,

the same analysis was also repeated after excluding diagonal elements (correlations for the

same emotion category), given their strong correlations.

3.1.8 Results

3.1.8.1Predicting emotion ratings

Mixed modelswvere fittedto predict the influence of stimulus type (morphed vs. original),
stimulus set (high vs. low prototypicality) and emotion (anger, disgust, fear, happiness,

sadness and surprise), on valence, intensity, naturality and recognition accuracy.

3.1.8.1.1 Valence

The final model had 67.79% of explanatory power of which 62.30% was explained by the
fixed effects. Within this model, there was no significant effect of stimulus type (Estimate =
0.87, SE = 1.94(1%1)=-0.45,p = .800). There was a small effect of stimulas(&Estimate =

10.09, SE = 1.941b1)= 5.20,p < .001; low > high) and a significant effect of emotiog.(F

19451= 693.96p < .001; sed-igure 3.5). There was also an emotion by stimulyse

interaction (ks, 105.009= 4.07, MSE = 616y = .001), indicating that valence ratings for

different emotions varied systematically depending on whether participants rated morphed or
original expression stintiu Specifically, posthoc tests indicated significant differences for

anger (Estimate = 2.72, SE = 1.3+#atio = 4.71p = .047; morph > original) and happiness
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(Estimate =4.83, SE = 1.37,-ratio =-8.52,p < .001; morph < original). There were no

significant effects of morphing on other emotions.
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Figure3.5 Valence ratings.
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Low prototypicality stimulus sets were rated as more positive, and valence ratings for

emotion varied as a function of stimultype (morph vs. original) and stimulus set. AN =

Anger. DI = Disgust. FE = Fear. HA = Happiness. SA = Sadness. SU = Surprise.

The interaction between stimulus tygedstimulus set was not significant{F9o.61= 2.03,

MSE = 308,p = 0.15), suggestinthat morphing impacted valence ratings of both stimulus

sets equally. However, there was an interaction effect for stimulby setotion (ks, 104515

27.63, MSE = 4179 < 0.001), suggesting that the valence rating for emotions differed

depending orthe stimulus set.
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3.1.8.1.2 Intensity

The final model selected for intensity ratirfged a total explanatory power of 54.66%, of
which the fixed effects explained 37.17% of the variance (stintybgsand emotion). Within

this model, there was a small significafffiect of stimulus type (Estimate = 4.31, SE =1.11,
t(100)= 3.88,p < .001; original > morphed). There was also a significant effect of stimulus set
(Estimate =27.41, SE = 1.11abo) = -24.72,p < .001; high > low prototypicality). Finally,

the effect of emotion was significant, suggesting that intensity ratings varied significantly by

emotion (ks, 200.01= 25.5, MSE = 7221p < .001; sed-igure 3.6).

B
High protypicality Low prototypicality
+ Morph <+ Original
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Figure3.6 Intensity ratings.
Morphed expressions are rated as slightly less intense than original expressions, and high
prototypicality stimulias more intense than low prototypicality. AN = Anger. DI = Disgust. FE

= Fear. HA = Happiness. SA = Sadness. SU = Surprise.
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3.1.8.1.3 Naturality

The final model predicting naturality had a total explanatory power of 28.05%, of which the
fixed effects explained1.37% of the variance (stimulus type, stimulus set and ematioh
their twoway interactions). Within this model, the effect of stimulus tyas small, but
significant (Estimate =6.44, SE = 2.021bo)=-3.18,p < .01; morph < original). There was
also a small, but significant effect of stimulus set (Estimate = 5.97, SE =282, 2.95,p

< .01, low > high). The main effect of emotion was significag {§z)= 39.05, MSE =

16545) suggesting that emotions differed in their perceived nagsgaldriven primarily by

happy expressions being perceived as more natural than all other expressions.

There was a significant tweay interaction between stimulus type and stimulugFg€tos.oo)

= 5.30, MSE = 224% < .001). Interestingly, while origal expressions were perceived as
more natural for low prototypicality stimulestimate =4.80, SE = 1.08,-ratio = .434p <

.001), the opposite was true for high prototypicality stimuli, with morphed stimuli perceived
as more natural (Estimate = 3,%E = 1.08, zatio = 3.23p = .006). The stimulus/pe by
emotion interaction was also significants(frez.oo= 5.3051, MSE = 2247 < .001). Poshoc
analyses indicated a significant difference between morphed and ositygnali for happy
expres®ns (Estimate =9.25, SE = 1.87,-ratio =-4.94, p < .001, morphed < original).

There was also a significant stimulus set by emotion interacti@iv{bo)= 6.20, MSE =

2629,p < .001), suggesting that naturality ratings varied by stimulus sefEigaee 3.7.
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Figure3.7 Naturality ratings

Morphed expressions are perceived as less natural fopi@iotypical expressions and

more natural for high prototypical expression. Low prototypical expressions are perceived

as more natural overall. AN = anger, DI = disgust, FE = fear, HA = happiness, SA = sadness, SU

= surprise.

3.1.8.2Accuracy

The final model ha®9% explanatory power, of which 44% was explained by the fixed
effects (stimulus type, emotion, stimulus set and their interactions). There was a significant
effect of stimulus type (Estimate-8.567, SE = 0.19,-matio = 2.935p = 0.003, morph <

origind; seeFigure 3.8).

There was a significant effect of stimulus set, with high prototypicakpressions being
recognised more accurately than Ipmtotypicalityexpressions (Estimate = 2.57, SE = 0.18,

z-ratio = 13.97p < .001).
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Figure3.8 Emotion Recognition Accuracy.

High prototypicality stimuli were recognised more accurately compared to lovotymical
stimuli. Original expressions were recognised better than morphs for low but not high
prototypicality stimuli. A & B represent the same data but illustrating different within

effects, stimulus set and stimulus type respectively.

Interestingly, he difference between morphed and original expressions was significant for
low prototypicality stimuli only (Estimate = 0.71, SE = 0.25a#i0 = 2.88, pujuste= .008).
There was also a main effect of emotio (kz.24)= 36.85, MSE = 36.85 < .001) with

happiness recognised more accurately than all other emotions.

In summary, there were effects of stimulus type, stimulus set, and emotion observed for
valence, intensity, and naturality ratings, and for the accuracy of emotion recagnition
Valence réngs varied significantly depending on stimulus set, emotion but not stimulus type.
Interestingly, morphing increased the naturality of high prototypicality expressions whereas it

decreased naturality judgments for low prototypicality expressions. Finadiggnition
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accuracy was worse for morphed low prototypicality expressions compared to their
respective original expressions, whereas recognition for highly prototypical expressions was
equivalent for morph and originals. This suggests that spatiotehnpi@ranation is more

relevant to judgements of subtler and less stereotypical expressions.

3.1.8.3Similarity analyses

Figure 3.9 shows the results of the similarity analyses for original and morphed expressions

for ratings of valence, intensity, naturality, and emotion recognition accuracy.

For valencethere was strapsimilarity between ratings of morphed and original stimuli

(taos)= 27.02, p < .001, Estimate= 0.98[95%CI = 0.91, 1.05]; Mean= .70, SD = .20),

with 56% of shared variance. There was, however, a significant difference between stimulus
sets (tos) = 243.98p < .001). The high prototypicality stimulus set showed a higher

similarity in valence ratings (Z = 1.42, r = 0.89, SE= 0.05; Mean83, SD = .19) than the

low prototypicalityexpression$Z = 0.77, r = 0.65, SE = 0.05; Mearr .60, SD = .2h

The test for the similarity of intensity ratings between morphed and original stimuli was also
significant (tios)= 11.44,p < .001, Estimate = 0.31[95%CI: 0.25, 0.36], Mean= .26, SD =
.24). However, unlike valence ratings, the amount of shagdnce between morphed and
original intensity ratings was much smaller (7%) and no significant differences between
stimulus setsvas observed ¢bs)= 1.96,p = .17). Thus, although intensity ratings for

morphed and original stimuli were significantlyreeated, the size of the correlation

suggests that morphing impacts perceived expression intensity to some degree.
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Figure3.9 Similarity of ratings and emotion recognition patterns.

Across morphed andriginal expressions.-Xxis represents stimulus set (High vs. Low
prototypicality, All = combined) and theaxis indicates the correlation between responses
to original and morphed stimuli. Individual dots and lines represent individual participants.

** < 001; *p < .05.

There was also a significant relationship between naturality ratings for morphed and original
stimuli (taos)= 7.76,p = .001, Estimate= 0.22[95%CI: 0.16, 0.27], Mean= .20; SD = .26).
However, there was less than 5% sharethwae, indicating reduced similarity of ratings
across stimulus types. There was a significant effect of stimulussets{E 26.93, GES =

.099,p < .001), such that the high prototypicality stimuli showed higher consistency (z =

0.39, SE = 0.04, Mean = .31, SD = .37) than the low prototypicality stimuli (z = .11, SE =
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0.04, Mearr = .10, SD = .32). These data suggest that morphing impacts the perceived

naturality of expressions.

Finally, for accuracy, there was a significant relationship betweephad and original
expressions (fos)= 15.02,p < .001, Estimatg = 0.39[95%CI: 0.45, 0.34], Mean r = .35, SD
=.22). However, recognition accuracy for original expressions only accounted for
approximately 12% of the variance in accuracy for morphedesgwns. There was also a
significant difference between stimulus segs4¢)= 4.06,p < .04), with high prototypicality

stimuli showing less similar accuracy profiles between morphed and original expressions (z =
0.311, SE = 0.05, Mean= .29, SD =32), than low prototypicality stimuli (z = 0.38, SD =

.26, Meanr = .36, SD = .267).

3.1.8.4Confusion patterns

Unlike the accuracy analyses above, analyses of confusion matrices collapse across stimuli
and allow it to be established how similar the overall retmm pattern (including both

correct and confused responses) is across stimulus type (morphed and original) and stimulus
sets. The participasievel correlations for morphed and original confusion patterns were
significantly different from zero (ls)= 62.57, df = 105p < 0.001, Estimate= 1.29,

[95%CI: 1.25, 1.33], Mean= .86; SD =.25; sekigure 3.10). The positive estimate

indicates thabverall, confusion matrices were consistent across individuals with the two
matrices sharing 78% of the variance. There was a significant effect of stimulug, se €+

7.47, MSE = 22.91, GES = .098< .001), such that the confusion matrices between
morphedand original stimuli were more similar for highly prototypical stimuli (Z = 2.74, SE

= .26, Meanr = .99, SD = .25) than the low prototypicality expressions (Z = 0.95, SE = 0.26;

Meanr = .74, SE = .25).
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Figure3.10 Confusion matriceand similarity analyses

A. Confusion matrices for morphed and original expressiorsEBDifference matrices for
recognition patterns. [ G: Similarity plots for confusion matrices with and without diagonal
elemens. An = anger, Di = disgust, Fe = fear, Ha = happiness, Sa = sadness, Su = surprise;

*** p<.001, ns = nosignificant. Prop = proportion; diff = difference. Prot = prototypicality.
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The same analysis was also significant on thal@ffjonal elements (i.gpattern of

inaccurate responses)ot)= 22.9,p < 0.001, Estimate= 0.54, 95% CI: 0.49, 0.59], Mean

= .49, SD = .27). Note, however, that the shared variance was reduced to 24%. Additionally,
the difference between stimulus sets was no longeifisignt in the offdiagonal analysis (F
@,76)= 1.66, MSE = 0.18) = .201). This suggests that the increased consistency of emotion
recognition between morphed and original stimuli in highly prototypical expressions is driven
by trials in which participnts make accurate responses [8gere 3.10) while errors vary

by stimulus type.

In summary, the similarity analyses show that, in addition to differences in predicting
judgements demonstrated in the generalised and linear mixed matledes, there is a high
degree of variability in the covariance pattern of ratings, particularly for intensity and
naturality judgements and recognition accuracy scores. This suggests that differences in
dynamics due to stimulus set and disruption of malpdynamics due to morphing lead to
increased inconsistence in judgements of emotional facial expressions, within individuals and

at a group level.

Lastly, an exploratory analysis tested whether the covariance in stimulus dynamics computed
in Experiment2 (Figure 3.4) could predict confusion matrices observe&xperiment3

(Figure 3.10), as it could be expected that stimuli with a higher degree of similarity in their
dynamics may be more easily confused, and that this may in turn explain previously reported
confusions in the literature such as anger and disgust, or fear and di@phse Avero, &
Fernandez, 2016Yhis analysis indeed suggested that different dynamics in stimulus types
and stimulus sets impact the patterns of errors observers make when trying to recognise or
label emotions. Specifically, faceteon dynamic similarity was positively related to average

confusion between emotion pairs for original high (r = p#9,.05) and low prototypical
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expressions (r = 3P, < .05) and high (r = .44 < .05) but not low prototypical morphs (r =

.07, ns; se€&igure 3.11).

3.1.9 Discussion

Experiment 3hows that observers are sensitive to the dynamics of emotion stimuli.
Specifically, valence, intensity, and nility ratings, as well as the accuracy of emotion
recognition, were all influenced by morphing and effects often differed depending on the

stimulus set.

3.1.10General Discussion

The vast majority of faces we encounter are moving, rather than static, which is why many
researchers recognise the need to adopt more ecologiahtlydynamic face stimuli when
studying social perception (Dobs et al., 2018; Krumhuber et al., 2017)tiAgepch stimuli
introduces a further complexity, however, given that dynamic information conveyed by the
face varies with stimulus type (here simple linear morphs vs. original video stimuli with non
linear dynamics), and by stimulus set. How the variamclynamic information impacts
processing of facial information is currently not well understood, but if effects are large, it
may mean that results which are found using one type of stimulus or stimulus set do not
generalise well to other stimuli. Imparttly, high levels of individual variability in the

effects of these dynamics could preclude normative studies on emotion perception from faces
(e.g., answering which emotions are likely to be confused, which expressions are processed
in a more featural nmaer, or studies of group or individual differences). The question of how
differing dynamics of emotional expressions impact the judgements of emotion from facial

stimuli was the question addressed here.
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Figure3.11 Face action similarity correlates with confusion between emotions.
While judgements of valence were highly consistent across morphed and original stimuli,

judgements of intensity and naturality, as well as recognition accuracy, were less ennsist

Findings from Experiment 2 add to the growing body of work suggesting that different
emotions have different movement profiles and evolve over different timescales (Cook et al,
2020, Jack et al., 2014). Although only two stimulus sets were inc(hégdand low
prototypicality), it is likely that the differences found in the dynamics of the expressions
between stimulus sets would extend to other stimulus sets. This is likely given that stimulus

sets differ according to whether they contain spontameo posed expressions; and, when
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posed, whether expressions are FAGSructed or natural; and these differences will be
reflected in artificial dynamic facial expressions when based on human motion (Dobs et al.,
2014; Krumhuber et al., 2017). Furthemaoanalyses show that simply adding linear motion
(through morphing) to create the appearance of a dynamic facial expression results in a loss

of important nodinear dynamics which may individuate specific emotions.

Experiment3 demonstrated the importe@ of nonlinear dynamics for emotion perception
judgements when comparing morphed stimuli with their video equivalents. For example,
while overall accuracy of emotion recognition was broadly similar when morphed and

original stimuli were compared (thougharkedly less so for the low prototypicality stimulus
set), and valence ratings were broadly consistent, intensity and naturality ratings were not
consistent across morphed and original stimuli. Furthermore, the pattern of confusions
resulting from errorebservers made in recognising emotions varied as a function of stimulus
set and stimulus type. The distinction between the effects of morphing (and thus of altering
the temporal characteristics of expressions) on valence and intensity ratings is comgistent
claims that intensity judgements rely more on temporal information than valence judgements,

which rely more on spatial information (largely preserved by morphing; Chen et al., 2020).

The current findings go beyond previous observations of reducedgniion accuracy for
morphed expressiorfg&orolkova, 2018) and preference for ndimear over linear motion
profiles (Cosker, Krumhuber, & Hilton, 2015The similarity analyses highlight high levels
of individual variability in intensity and naturality judgemeraadconfusion similarity
patterns, across stimulus sets and emotionsHgere 3.9-B-D, andFigure 3.10-D). These
findings raise important questions regarding the generalisabilitpdihys from studies of
emotion processing from faces, when the majority of studies are limited in how well they

capture the spectrum of dynamics that make up emotional facial expressions.
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Low consistency of judgements across morphed and original stingglests that emotion

processing is optimised for the expected dynamics of moving expressions, as disruption of
dynamics results in judgement inconsistency (particularly for intensity, naturality, and

recognition accuracy). This result is compatible with ittea of representation of motion

within face spacéFurletal.,202Q) and with observersd preferer
and spline approximations of timecoursedmyics varying systematically by emoti@obs

et al., 2014)Results also show that highly prototypical expressions are judged as less natural

than their morphed counterparts, highlighting those preferred dynamics do not myriby va

emotion, but also vary by the type of expression (high or low prototypicality). This results

al so suggest that highly prototypical sti mul
processed, given that morphing was expected to impoverish Inasgalue to removal of

important temporal dynamics of the stimuli.

These findings have potentially important implications. In addition to affecting behavioural
ratings, variability in the dynamics of facial expressions is likely to impact cognitive and
neural mechanisms implicated in processing of emotion and identity from faces. For instance,
the enhanced neural activity linked to dynamic facial expreségats, Kochiyama,

Yoshikawa, Naito, & Matsumura, 2004; Zinchenko, Yaple, & Arsalidou, 2618) well be
modulated g factors such as the rate with which facial actions evolve, or with the
predictability of face movemen(¥ oshikawa & Sato, 2008gll of which vary by stimulus

and stimulus set.

In the same vein, it is worth noting that whidgperiment2 demonstrated systematic variance
in face action dynamics that evolve over tifagperiment3 utilised single judgments
recorded after the engity of the expression had been viewed. Studies investigating

perception of transitions of dynamic expressions have shown that dynamics impact ongoing
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behavioural rating@§-alagiarda & Collignon, 2019; Korolkova, 2018uture studies could
therefore benefit from including dynamic measures of emotion proce€smegcould
investigate how varying face dynamics impact continuous visual attenticmasements,
pupil fluctuations or physiological arousal, perhaps in combination with the use of reverse
correlation and mutual information techniques to reveal hownmdton about the dynamic
guality of face movements is integrated into perceptual judgements of erfiizm

Messinger, Duan, & Ince, 2020; Jack & Schyns, 2017)

The current study offers an approach to selecting dynamic face stimuli for research and

reveals the potential pitfalls of not accounting for the role of dynamics on behavioural or
neurophysiologial responses to emotional expressions. Perhaps above all, it highlights that it
would be useful for the field to decide what
while not assuming that all dynamic stimuli are equally ecologically valid. Formgain

could be argued that repurposing static stimulus sets through morphing is not enough for
them to be considered 6dynamicdéd nor does it
morphed stimuli does not provide information about the dynamic gurlfierent to various

emotional expressions. This does not imply that morphed stimuli lack utthityy are useful

for parametric manipulations of stimulus features (e.g., Cook et al., 2009; Gray et ali, 2020)

but such stimuli might be less likely togage the neural and perceptual processes that

support dynamic face processing in faodace communication.

One way of addressing the impact of the variability in stimuli is to sample more widely
across stimulus sets varying in dynamics in order to iseréd@ generalisability of findings.
Another suggestion is to use dalidven approaches to generate stimuli, where
spatiotemporal parameters are sampled from the whole spatiotemporal space (e.g., Yu,

Garrod, Schyns, 2012). Similarly, photorealistic remdgor retargeting of face movements
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based on machine learning approaches trained on naturalistic face movements may help
overcome these issues, although they are likely to require increasedisotplinary
collaboration (Krumhuber et al., 2018). Howeveis important that these methods are able
to incorporate the individual differences in expressivity and face movements which are
marked in real lif§Cohn, Schmidt, & Gross, 2002; Friedman & Riggio, 1981; Whittaker,
Rogers, & Petrovskaya, 2028nd ae used by observers to, for example, perceive identity in
conversational expressions (Dobs et al., 2016). These considerations are also likely to be
crucial to transfer knowledge of emotion expression production and processing to equip

digital agents andocial robots (Whittaker et al. 2021).

Another more readily available solution is for researchers to quantify dynamics in facial
expressions stimuli used for research. This would enable researchers to report summary
information regarding these dynamicsrfr low level motion (e.g., motion energy), to
kinematics (e.g., speed) and semantic dynamics describing aggregated and timecourse
metrics of action units (or face actions, as used here). It should also be emphasized that more
research is needed on how thelfferent levels of dynamics affect perceptual processes

more broadly, and whether any emotion/expression of fadace communication effects

can be dissociated from general effects of-land highlevel dynamics. Thanks to the
proliferation of face md motion tracking algorithms (e.g., OpenFace, Baltrusaitis et al., 2018;
blenderFace, Zinkernagel et al., 2018) this is achievable. Even if the accuracy for action unit
detection (e.g., based on FACS) is still typically below the capabilities of comimercia
algorithmsor humarnobservergDupré, Krumhuber, Kister, & McKeown, 202@)ey are

likely sufficient.

Making it routine to analyse and report the spatiotemporal dynamics of stimuli would also

allow to select stimuli in a more informed manner. Perhaps the biggest ensuing benefit is that
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this information can be regressed onto other variables akin to the@raicregressing
natural image statistics (e.g., color, intensity, higher order: edge, contours) onto perceptual

processes and neural representat{@ismoncelli & Olshauser2001)

Open Practices StatementMaterials and data will be made available with publication at

https://osf.io/gk3xf/

Supplementary Materials: 8.2.1 Experiment 2
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3.2 EXPERIMENT 4. Alexithymia differentially modulates the effect of
spatial-kinematics and task on visual processing of emotional

expressions in Autism

Abstract

Oneof the keytaskswhenobservingor participatingin faceto-faceinteractionds to decode
transiennonverbalcommunicativesignalssuchasfacial expressionandgazedirection.
Recentesearchasdemonstratetheimportanceof the spatiatkinematicsof observedacial
actionsin shapingobserversinferencesaboutfacial actions. Additionally, researclon gaze
controlhashighlightedthatvisual explorationis stronglymodulatedoy taskor stimuli-related
priors.If thesepriorsinfluenceprocessingf the spatiatkinematicsof facial actions,it may
explainwhy individualswith autismi who arethoughtto belessinfluencedby priorsi show
atypicalsocialattentionanda deficit in therecognitionof emotionalfacial expressions.
However alternativehypothesearguethatatypicalsocialattentionandemotionrecognition
in autismis drivenby alexithymia,a frequentlyco-occurringconditionin autismwhichis
rarelyaccountedor. This study(N = 100)useda novelgazelocationestimationparadignto
guantifythe extentto which the spatiotemporatharacteristicef facial expressionifluence
passiveandactivegazebehaviourof autisticandnon-autisticparticipantsacrossvarious
emotionprocessindasks(passiveview, emotionrecognition,cuedgaze andintensity
ratings).Resultsprovideevidencehatgazeallocationto facial expressnsis determinedy
boththe spatiatkinematicsof stimuli andtaskrelatedpriors. Furthermorethis studyshowed
thattheinfluenceof spatiatkinematicsandpriorson gazebehaviourcanvary accordingo
clinical predictors Specifically,in line with the alexithymiahypothesisalexithymictraits

modulatedherelationshipbetweerspatiatkinematics task,andgazeduringemotion

108



CHAPTER 31 STIMULI AND TASK INFLUENCES

processingTheseresultssuggesthatreducednfluenceof priors,whenappliedto social
attentionin autism mayactuall reflectalexithymiaandnot autism.

Keywords:emotion,face,dynamicsautism,alexithymia,priors.

3.2.1 Introduction

One of the key tasks for observers or participants intiaface interactions is to attend to,
and to decode, transient communicative signals includingzadral information like facial
expressions and gaze direction. Thesevenbal cues have been sWtoto shape social
perception at very early stages of proces§Wiilis & Todorov, 2006) and as such these
processes are thought to be key to engage and maintain successful social int¢dactass
Schyns, 2015; Riggio, 1992n support of this proposition is that rearbal communication
deficits have been implicated in atypical social functioningutism For examp, as
discussed in previouwshaptersit is thought that the ability to process facial expressions is
impaired in autisnfUljarevic & Hamilton, 2013)and this has traditionally been explained in
terms of atypical social attention, such as atypical gaze to social cues durhgfiace
communication(Dratsch et al., 2013; Guillon, Hadjikhani, Baduel, & Rogé, 2014; Senju &
Johnson, 2009)Therefore, understanding the mechanisms driving atypical gaze is potentially

relevant to understand and devise interventions for social difficulties imautis

Research on both gaze allocation to faces and emotion recognition in autism has, however,
produced mixed results. Many studies have reported some emotion recognition deficits and/or
atypical gaze behavio@Grynszpan & Nadel, 2014; Kirchner, Hatri, Heekeren, & Dziobek,
2011; Kliemann, Dziobek, Hatri, Steimke, & Heekeren, 200bijle others find typical

emotion recognition and visual social attentfButherford & Towns, 2008; Tang, Chen,

Fal kmer , B~ | t eDespie e@otionddcagmiticandZ@cial @tjention being two

of the most studied aspects of autism, many reviews and metanalyses highlight the
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inconsistency of resul{€uve et al., 2018; Harms et al., 2010; Lozier, Vanmeter, & Marsh,

2014)

A possibleexplanation for the inconsistency of findings across studies are the many
methodological differences across those studies, including task demands (e.g., emotion
recognition vs passive view), and stimulus characteristics (gugamic vs static; posed vs
naturalistic; for a review see Cuve et al., 2018, Harms et al., 2020, Lozier et al., 2014). Yet,
the extent to which the mixed evidence can be attributed solely to methodological factors
remains unclear. Some argue that the mixed evidence underscoresurnipatividual

variability relevant to emotion processes within the autistic spectrum. In particular, individual
differences in alexithymia, a condition that frequentlyocours with autisnfKinnaird etal.,
2019)and affects the ability to describe and interpret one's own feelings and bodily states
(Sifneos, 1973)have been recently proposed to explain atypical emotional proc¢Bgidg

& Cook, 2013; Cook, Brewer, Shah, & Bird, 20E3)d gaze behawr in autism(Geoffrey

Bird, Press, & Richardson, 2011; Cuve, Castiello, et al., 208&§ also Chapter 2
Nonetheless, autism research has generally failed to control for alexithymia (atttyatexi
research for autistic traits), making it difficult to test the specificity of emotion processing

problems to either condition.

Recent models of autism have also argued that atypical integration of sensory input-and task
relevant priors may underlegypical perceptual experiences (Pellicano & Burr, 2012). This
hypothesis builds on a specific interpretation of Bayesian models of perception discussed in
Chapters 1 and 2. At their core, such models argue that perceptual decisions are influenced by
bothincoming sensory information and prior knowledge which exert-@tom influence on
sensory processing. As described by Helmholtz, retinal images are inherently ambiguous, and

therefore perception is an unconscious inferential process that necessitateg bo
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immediate sensory experience as well as prior knowledge fronp past ¢ gHplmhbliz,

1867). In the context of autism, the Bayesian hypothesis proposes that deficits in the
integration of sensory evidence and priors may cause atypical percemtisaresory
experiences. While some versions prescribe ‘poars as the exact mechaniggilizabeth
Pellicano & Burr, 2012)which results in an overreliance of sensory information and reduced
relianceon prior knowledge, deficits in the integration of sensory information and priors have
been also proposed (e.grecision weighted integratiofoll, Whelan, Catmur, & Bird,

2020; Friston, Lawson, & Frith, 2013).

The Bayesian hypothesis provides an account of general sensory abnormalities in autism

(Lawson et al., 2017and while it has also been applied to visual procegkird & Krol,

2019; Maule et al., 2017dnly a few studies have considered it in the context of social

attention and visual processing of rggrbal cues like gae direction. These studies have

provided mixed results in terms of supporting the Bayesian hypothesis (Gramblis &

Kennedy, 2017; Pell et al., 201®evertheless, there is compelling evidence for the

i mportance efpobbotth muld autst admi ven effects on er
towars f aci al expressiodeswnangrobrshenet hectam
Thus, considering these processes in autism within a Bayesian framework is sensible. With
respect to stimuludriven effects, socioemotional neerbal cues like dynamic dzal

expressions are rich in sensory information, particularly in terms ofdpaiiatkinematics

(Jack & Schyns, 2015As shown in Experiments 2 and 3 in this chapter, thpatal
kinematicsinfluence perceptual jugements of dynamic facial expressions across dimensions

such as valence, naturality, intensity and emotional categorisation. Manipulaspadtcdt

kinematicsvia increase or decreases in speed, has also been shown to causally impact

o b s er v e romdof angertand séddoessito facial movem@&uwden et al., 2021)
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With respecto the existence and importance of priors, given the rich and diverse experience

t hat humans have wi tderversdhave wiors thaase orgadnised asi bl e t
perceptual representations that account for how faces move across time to convey various

social messagdsurl et al., 2020; Jack, Caldara, & Schyns, 20TBEgse prior

representations may encompass associations betsgsdiatkinematicge.g. speed) and

valence (e.g., rapid faceovements danger) or facial actions and emotion categories (e.qg.
expression prototypes), or the informative value of various facial actions to various social
processing decisions (e.g. that eyes can be used to differentiate disgust an@i\ieger)

Wykowska, & Miiller, 2014)

Top-down effects on visual processing are welttognisedas discussed in Chapt&rfor

example, early work showed that an observerd
on task instructiongyarbus, 1967)Computational work has shown that many patterns of

gaze behaviour can only be accounted for by models which integrate task modulation effects

on gaze contrd[Tatler et al., 2011)Top-down effectshave also been shown specifically in

the processing of fac€Rolls, 2008) including findings that visual exploration of faces is

modulated primarily by task instructions rather than stimulus fafittassels, ldlleman,

Kingstone, Hooge, & Kemner, 201%urthermore, the ratio of eye to mouth gaze (thought to

be a crucial variable in social attention) has been shown to vary depending on whether

observers need to judge the intensity of an emotion, or recogniske &hbtion is portrayed

(Tsang, 2018)

The effect of stimuluslriven sensory information and priors (stimulus and-tatkted) can
be estimated from how they modulate visual proogssf emotional faces. Interestingly,
results of a few studies already suggest that gaze allocation in autism and alexithymia can be

explained in terms of atypical modulation by task and stimrdleged piors (Cuve,

112



CHAPTER 31 STIMULI AND TASK INFLUENCES

Castiello, et al., 2021; Del Bianco, Mazzoni, Bentenuto, & Venuti, 2018; Loth, Gomez, &
Happé, 2010j see also Chapter 2. Nonetheless, the quantification of the stianiNes
sensory information and tas&lated priors in these studies was limited. For example, faces
were either static with no dynamic information, or their dynamic range was limited (as was
the case in Chapter 2). Nonetheless, as shown in the previous trorexys in this

Chapter, facial cues of emotion vary drastically in their dynamic properties. Furthermore,
while posed expressions provide clear communicative signals with clear pattepagiaif
kinematics, spontaneous expressions tend to exhibit mmoneplex dynamicg¢Cohn &

Schmidt, 2004; E. G. Krumhuber, KistBiamba, Shah, & Calvo, 2021; Namba et al., 2017)
Nonethelesssuccessful social communication relies on the ability to process a wide range of
dynamic signals communicated using facial expressions, from spontaneous to purely
communicative expressiomgich may, in fact, be posed (e.g., when people try to portray an
emotion for communicative purposeBEnsuring that the whole range of dynamic properties
of facial expressions are captured is therefore important to estimate its influence on visual
processg. This is also important to ensure a more valid and generalisable measure of
emotion recognitioriBarrett, Adolphs, Marsella, Martinez, & Pollak, 201&3pecially in

autism where different types of stimuli appear to show different effects on different

subgroups of autistic participar(tdarms et al., 2010)

The current study therefore investigated whether atypical gaze and emotion recagnition

facial cues in autism and alexithymia reflect differential modulation by sensory evidence and
priors in line with Bayesian accounts. Sensory evidence here is characterisedimstitde
kinematicsrepresenting dynamic information of how the variousalazues evolve over

time, derived using the approach developed in Experiment 2. Priors here are characterised by
the experimental conditions in which facial cues are presented, namely passive view, emotion

recognition, and cued gaze (as in Chapter 2)sTprors are given by the task goal and the
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presence or not of an emotion cue (emotion label) to the facial cue. If participants have task
and emotiorrelated priors, then gaze in these conditions should differ compared to passive
viewing. If stimulusrelated priors are utilised, then knowing the upcoming emotion should
change gaze to the expression in a confirmatory fashiorC{smater2 and Cuve et al.,

2021). Contrasting both autism and alexithymia will allow testing of the specificity of effects

attributable to these individual difference factors.

3.2.2 Methods
3.2.2.1Participants

A final sample of 100 participants were included in this study afelusions for data quality
issues (see below). 72 (56 female) participants were neurotypical participants recruited from
prolific and 28 (16 Male) were autistic participants from a volunteer database. All autistic
participants had an official diagnosisnfirmed via an official letter and an ADOS

assessment with a licensed practitioner in the research team. All autistic participants also
scored above the AQ8 cut off 70(Hoekstra et al., 2011)see also below. Groups were age
matched (NT: M = 29.8[18 60] ASD M = 30[1956]). All participants reported normal or
correctedto-normal vision, were resident in the United Kingdom and were fluent in English.
All participants were financially compensated for their time. All research procedures were
approved by théledical Sciences Ethics Committee (IDREQkference: R60697/RE004

and were in accordance with the revised 2013 Declaration of Helsinki.

3.2.2.2Procedure

Participants completed the experiment entirely online via G@Alavyl-Irvine et al., 202Q)
The experiment lasted approximately half an hour, with none of the accepted participants

exceeding an hour. Once the participant had completed a rudimentary bot check they were
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then asked if they would comsttouseeye r acki ng software which
webcam. Participants who consented to-tegekingvia webcam, firstalibrated the software
and then both groups completed the facial expression viewing tasks (online camera eye
tracking d#a is reported elsewheresee also Gaze Estimation section). Following this,
participants completed a series of questionnaire measures, namely H20TAQ 28 and
DASS21 as well as a short version of the WASI 1Q (ibstse measures wedetailed in

Chater 2. The order of the individual questionnaires and the WASI test were randomised

according to a Latin square design.

3.2.2.2.1 Task and stimuli

In a series of trials, participants were presented with emotional dynamic face stimuli from
various datasets, extevsly validated in a recent project by both human observers as well as
machine learning algorithms (Krumhuber et al, 2020). The use of videos from different
datasets aimed to achieve a set of stimuli that displayed a broad heterogeneity across relevant
stimulus parameters (e.g., posed/spontaneous, spatiotemporal dynamics) and to mirror
naturalistic face processing that generalises across stimuli(§aastt et al., 2019Due to

the establishi similarities in expression between disgust and anger, as well as fear and
surprise (Jack et al, 2014), only the expressions of happiness, sadness, disgust, and fear were

used.

3.2.2.2.2 Gaze estimation task
A new gaze estimation method adapted from Rudoy andagples (Rudoy et al, 2012) was
used to estimate gaze allocation during the onliné.tasks method can be leveraged with

tasks where gaze follows stereotypical patterns, and stimuli are sparse and contain easy to

2 This alternative method was used because traditiondldabd ey¢racking could not be used dueGovid-19
relatedrestrictions. Piloting using webased eyracking solutions (relying on participants' webcam) available
at the time also showed largetarogeneity in data quality and reliability
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segment features (e.g., faces). It retindlashing grids of digit/letter pairs at certain times

during the stimuli and relying on participants' selports of the pair they were fixating to
estimate the attended locations. In the current implementation, face landmarks retrieved from
a facetracking opersource softwareOpenFace (Baltgpa i t i s )evéreusddito 20 1 8
overlay a grid of digits, centred around the middle of the face (approximately the nose region;
seeFigure 3.12). The time of presentation for the grid was systematically varied so that
whilst the exact presentation time was random, a third of the stimuli had grids presented
early, a third in the middlportion of the stimuli, and a third in the late portion of the stimuli.
Pilot studies were conducted with multiple repetitions of the grid per stimuli, and showed that
presenting only one grid per stimulus, at varying tirheslthe best tradeff in terms of not
affecting performance of the main task and reliability of gaze location estimation. By
randomising the grid onset time across stimuli and participants, the task captures gaze across

the whole spectrum of motion on average.

In all trials, particignts were shown a fixation cross followed by a video stimulus such as
that shown irthe figure belowTask) Participants were then asked to identify which portion
of the face they were looking at when the grid was presented by remembering the digit/letter

pair they saw, as shown tine figurebelow (orthogonal gaze estimation task).
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Figure3.12 Task and gaze estimation approach.
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each trial for 750ms at some point during the expression video. The text was translucent

and red (based on piloting tests of readability). Once the video had finished participants

were presented with a screen of the face split intoiffedtent areas. The image used for this

was the first frame of the video, chosen to prompt the participants without giving any

emotional information. The participant then had to choose the location of the letter/digit

pair they saw and which pair in thendomised grid of digits shown. These responses were

then used to score whether the chosen pair matched the location based of the grid position
presented during the video. This information was used to compute a metric of gaze

direction in terms of distance® the various facial features (eyes, nose, and mouth).
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This was achieved by showing the participant the face split into 9 different areas. Once the
participant clicked the location of the digit they saw most clearly, they were then asked to

click the digt pair they saw most clearly. The location of the digits in the grid was used to

judge whether the combined selection of digit response and location was correct when
compared to the original position of grids and letters during the Viiteaexample, iAl

was presented in the region the participants said they were looking in, the participant must
then select Al as the digpair they saw in order for the selection to be recorded as correct. A
continuous vector was calculated to reflect the Euclideaartistbetween the digit the

participant clicked and the coordinates of the eyes, nose, or mouth. This measure was used as

a proxy for gaze allocation in the analyses (seeak@.4.3).

Trials were split into three condition blocks (passive view, emotion recognition, cued), each
with 16 trials (4 per emotion) as well as 3 practice trials. First, participants took part in a
passive view condition, wheithey were simply to pay attention to the faces and report where
they were looking when the grid was presented. This served as a baseline to which the other
conditions can be compared. In the second condition (emotion recognition), after the
necessary gazlocation estimation questions, participants were asked to report the intensity
of the expression they saw (on a scale-@D0) as well as the emotion on display (choice
between anger, happiness, sadness, fear and neutral). In the third and finalugdgk (
participants were cued with the emotion they were about to see and at the end were asked the
intensity of the expression they saw. The condition order was fixed, but the order of stimuli
was pseudesandomized and each block had an approximately égdribution of relevant

features (gender, intensity, emotion, grid presentation time).
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3.2.2.3Questionnaire measures

Participants also completed the Toronto Alexithymia Scale (28 Autism Spectrum
Quotient- AQ28, Depression Anxiety and Stress sedlASS21, and Weschler Abbreviated

Scale Intelligence Te$tWASI, alreadydescribed in Chapter 2.

The neurotypical and control groups were matched on the range of alexithymia scores (TAS
20), despite a lower average score for the control giwbph included mor@articipants

with low alexithymia scoresParticipants were also matched for age and 1Q. Additionally,
participants were given a questionnaire specifically focusing on current GOY Hiressors

to filter out participants who may hawompleted studies with significant mental health

problems during the pandemic.

3.2.2.4Analytical approach

3.2.2.4.1 Quantifying spatiatkinematicsof facial expression stimuli

Facial expressionsan be describely spatiotemporal properties of corresponding face
actiors, namelydisplacement (amplitude of facial actions) and kinematics (e.g. speed of face
actions). Similar metrics have been used in several st(lDiodss et al., 2014, Furl et al.,

2020; Jack, Garrod, & Schyns, 2014é4w&len et al., 2021and alsan Experiment 2 in this

chapter. | will refer to these dynamias spatiakinematics.

The first stage in determining these metrics was calculating static distances between different
regions of the face. Utilising OpenFaceBa |l t rugai t i s ,iRecBoodmatessefon, 20
key areas of the face were identifiedeeFigure 3.13. The Euclidean distance between key

areas was then determined. For the purposes of this study, eight distareeesmputed

one for the whole face (D1), three for the eyes (D2, D3, D4)f@rtee nose (D5), and three

for the mouth (D7, D8, D9) (labelled for consistency with Experiment 2). In line with the

focus on gaze to face regions, however, the selected face distances represented specific face
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actions for eyes nose, and mouth (D2, D3,fér eyes and eyebrows, D5 for nose, D8, D9

for mouth (excluding D1 and DT)seeTable 3.1. As in Experiment 2, displacement was

then computed based orter-frame distances normalised to the first few frames (mean of the
first 5 frames). For temporal kinematics, the distances from each frame were taken to
calculate the derivative to determine the speed of motion in thellaese measures capture
how fast or slow face actions change over time. Displacement and speed kinematics for the
entire video as well as for the letter/digit grid periods were used to estimate gaze location
distancesSpatiatkinematicmeasures were normalised within each stimulus such that they
reflect a change relative to the dynamic range of each actor and to remowedividual

differences.

Table3.1 Facial distances

Action code Decriptive action

D1 Overall faceaction

D2 Eyebrow widening
D3/D4 Eye open/closing

D5 Nose lengthen/widen
D7 Upper lip/nose raise
D8 Mouth widening

D9 Mouth opening/closing
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Figure3.13 Illustration of the analytial approach.

Face landmarks were used to compute distances representing semantic activations of face
actions (e.g., mouth opening, eye closing) which were used to dgyatealkinematic
parameters (displacement and speed). Using PCA, impaogparialkinematicvariables

were identified, and component scores were assigned to each stimulus and used for

regression analygs along with participant and tagielevant predictors.
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3.2.2.4.2 PCA onspatal-kinematicsof facial expressions

Thespatiatkinematicsof face regions are not completely independent, as various facial
expressions can be described in terms of temporatteation of various facial actions
(Krumhuber, Manstead, & Kappas, 2008bnetheless, not all face actions are likely to
contribute equally or to be equally informative to the covarying patterns of facial activity.
Therefore, an inferential PCA was used to determine wdpaliatkinematicsvariables are
important such that tlyesignificantly contribute variance to the observed patterns of
coactivationof emotional expression$his also had the practical advantage of allowing a
reduction of potential multivariate patterns of coactivation into a kalireensional space in

a datadriven fashion, without assumptions about which facial actions are relevant or how
they cluster with other face actions. Furthermore, scores for each stomdashprojected
component can be used in regression analysis, which is preferable to haeigigess all
individual spatiatkinematicvariableswhich would make interpretation unnecessarily
complex, in addition to introducing multiple comparison problems in the absence of specific

predictions for alindividual spatiatkinematicvariables.

Theanalyses were conducted using the inferential PCA battery of tests implemented in the
TinPosition package in fD Beaton, Rieck, & Abdi, 2013)n these tests, the significance of
variablecontributions tacomponents is determined via bootstrapping and permutation tests.
The PCA solution was used to describe the pattespatiatkinematicsof facial expressions
and as the basis for testing féect ofspatiatkinematicson gaze allocation and emotion

processing performance, along with clinical trait predictorstaskiconditions.
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3.2.2.4.3 Regression analyses of gaze behaviour and emotion processing

Because of the nenormality of residuals observeghen attempting to predict gaze distance
metrics (a proxy for gaze allocation), robust mixed models were fitted in R using the
robustimm packagéBates, 2010; Koller, 2016%pecifically, mixed models were fitted to
predict gaze location (at the grid peaesationmoment) to eyes, nose, and mouth, separately,
from spatialkinematicsclinical traits, and task conditions. All models were fitted with a
random intercept for participants and stimuli using the maxima of parsimonious modelling
(Bates, Machler, Bier & Walker, 2014). For example, the model predicting gaze to the eye

region had the form:

Distance from gaze location to eyes ~ 1 + tasggafial-kinematic components) *

(Alexithymia + Autism traits) + (1 | Stimuli) + (1 | Participant).

Where 1 is tb overall intercept, task (passive, emotion recognition, capdjiatkinematics
(stimuli scores from the PCA) and clinical predictors (main effects and interactions) are fixed

effects, and stimuli and participant IDs were included as random intercepts.

The main effects represent the direct effect of tagltiatkinematicsor clinical predictors

on gaze location. Interactions between task and sfiati@inaticcomponents can be
interpreted as differential modulationtbe effect of sensory informatigetimulus

dynamics) on gaze by tegpwn priors (task). Likewise, interactions between clinical
predictors angpatiatkinematicsor task, indicate that alexithymia (or autism) is related to
different modulation of gaze based on sensory information oicatyjpask and emotion
relevantpriors. Similar models were fitted to predict emotion recognition performance and

intensity ratings.
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3.2.3 Results

3.2.3.1Preliminary validation of gaze location estimation

The data from the gaze location estimation task suggesth¢hatid method is capturing
expected patterns of visual exploration to faces. Specifically, participants looked more at the
eyes than mouth during passive viewing (Estimate = 0.178, SE = 0.047, df = 140, t= 3.756, p
<.001). They also looked more to tiges than the nose (Estimate = 0.153, SE = 0.048, df =
140, t = 3.224 p = 0.005), whereas no differences were observed between nose and mouth
regions(Estimate = 0.025, SE = 0.0475, df = 140, t= 0.531, p = 0.8562). In contrast only
for theemotion recgnitiontask the probabilityof looking to the nose regiomashigherthan

the mouth region (Estimate = 0.123, SE = 0.047 , df =140, t = 2.580, p = 0.029). No
differences in gaze allocation were observed between the cued and emotion recognition
conditions- seeFigure 3.14 Grid task results.). These results resemble patterns observed
in gaze behaviour obtained using standardteeking (sealsoFigure 2.2. Aggregated

gaze plots in Chapter 2) also reported ifiCuve et al., 2021Reterson & Eckstein, 2012;

Schurgin et al., 2014)

Crucially, the matching accuracy for the grid task (assigning the correct location to the
correct letter/digit pair) was above chance levels. This indicates that participants were not
simply choosing digits and locations at random {Seeire 3.14). Additionally, the grid task

did not interfere with performance on the main face tasks (at least it did not interfere to too
great a degree) as illustrateddiyovechance performance in the face taskgure 3.14-D).

The internal reliability of intensity ratings was also excellent, ranging from alpd@ to

alpha = .90 with suggests that the grid task did not disrupt the assessment of stimulus
intensity. As such, these results indicate the current task is a valid indicator of gaze allocation

to faces.
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Figure3.14 Grid task results.

A and B compare gaze patterns obtained from a similar paradigm in the lab with a standard
eyetracker (TX30G)om Chapter2 and the grid method for the current study, respectively.

C and D show accuracy rates for the gaze estimatido(tiaat did participants remember

the location of the digit/letter pair they saw most clearly) and emotion recognition task,

respectivelyDashed lines indicate chance levels.

3.2.3.2PCA on spatial-kinematics

Inferential PCA was used to identify the faaations andgpatiatkinematicsvariables that
significantly contributed to the observed covariance patterns of facial expressions. The PCA
solution represents a lowdimensional space that describesspatiatkinematicsof the

facial expressions.
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After 1000 permutations, inferential results suggested two significant components, explaining
a total of 53.16% of the varian¢eseeFigure 3.15. Component 1 (R2 = 32.7%, p = 001)

was dominated by negative loadings for all speed variables, and a positive loading for eye
and nose displacements. As such this component appears to bedapgering temporal
properties of facial expressions (egpeed of change). The fact that all speed metrics loaded
on the same component with the same direction suggests thamiheralkinematics of

different facial actions tends to covdseeTable 3.2). High scores on this component,

therefore, indicate slow temporal changes (speed) of the various face actions (because of the

negative loadings).

Component 2 (R2 = 20.39%, p = 001) was characterised primarily by facial action
displacements. Specifically, eye and mouth displacements loaded negatively. Thus, a high
score on this component indicates inward displacements tendencies (e.g., consfriction
mouth) whereas low scores indicate outward displacementsrmgth widening, eye
widening). Of note, is that eye displacements (élmking) and speed for eyebrow activity

and mouth opening contributed to both components 1 asgéFigure 3.15.
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Table3.2 Loading MatriXor spatiatkinematics

Variable Descriptive action PC2

Speed D2 Eyebrow widening -0.236405 -0.394881
Speedd3/D4 Eye open/closing -0.415505 -0.273391
Speed D5 Nose lengthen/widen -0.439383 -0.321608
Speed D8 Mouth widening -0.383723 -0.050985
Speed D9 Mouth opening/closing -0.407579 0.2198708
Displacement D2 Eyebrow widening -0.201942 -0.12053
Displacement D3/D4  Eye open/closing 0.3690079 -0.372327
Displacement D5 Nose lengthen/widen 0.2771521 -0.382609
Displacement D8 Mouth widening 0.0982993 -0.543753
Displacement D9 Mouth opening/closing 0.0403036 -0.1405

Showing 1 to 10 of 10 entrie$Q total columns. Insignificant components were omitte

(3 to 10). Variables were computed as peak summaries (maximum activation).
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Figure3.15 PCA results ddpatialkinematicanalyses of facial expressions.

A. Factor map with row scores (stimuli), colour represents different emotions. B. factor map
for columns (variables: facial action speed and displacements). The size of the dot
represents variance contributed by the varialfor the respective dimension. Plum

represents variables that load on component 1 (temporal/speed), green load on component
2 (displacement) whereas red contributes to both components. C. Circle plot: variables
closer to the circle line contribute morershgly to their respective components. D and E
illustrate bootstrap ratio tests for each variable. Gray indicates-significant variables. The

dashed line is the ratio test threshold (similar to a z score).
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The PCA scores for each stimulus on each sgant component were used as the basis to
represenspatiatkinematics(sensory evidence) predictors in regression analyses of gaze and
emotion processing (emotion recognition and intensity ratings). To aid the understanding of
this PCA solution, it is ugel to visualise the component scores for the stimuli used, which
were intentionally selected to vary spatiatkinematics due to varying underlying dynamics
resulting from emotion expression categories and emotion elicitation methods, e.g., posed
prototypical vs. spontaneous expressiasgliscussed in ExperimentRigure 3.16

provides visualisations of the component scores by stimulus types and ehustéeonal

expressions.
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Figure3.16 lllustration of principal component scores for temporal/speed (PC1) and

displacement (PC2) components by stimulus categories.

This visualisation highlights some differentiation of expression and stimuli Bgpe.
example Component 1 shows thapontaneoustimuli are largely characterised by slower
changes (positive scores are related to negative speed loadings) and smédlsrrdents

when compared to posed expressions. Similarly, there is a trend for better differentiation of
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different emotions in posed expressions compared to spontaneous exprésssuth, the

PCA scores can be taken as capturing meaningful varianceiahdgnamics.

Note, however, that fingrained analysis of temporal courses of facial actions over time may
offer more sensitive differentiation of stimuli, but this is beyond the scope of the current
study. Furthermoregxperiment 2 andther studies havtested for temporal discrimination

of facial expressions based gpatiatkinematis (Jack et al., 2014; Krumhuber, Kiister,
Namba, & Skora, 2021)-or the purposes of this study, it suffices to show that the principal
component scores capture meaningfutariation inspatiatkinematicsof various face

actions such that they can be used as a méirithe dynamic information conveyed by

expressions in analyses of how they drive gaze and emotion processing.

3.2.3.3Effects ofspatial-kinematics and task on gazeallocation to facial
expressions

3.2.3.3.1 Gaze towards the eye region

When predicting gaze towards the eyes, no main effect was obseng@ahiponent 1 which
primarily defines temporal coactivation of face actidestimate =8.27, SE = 9.35, t=0.88,
p =.377). However, there was a significant main effe@ahponent 2 (displacement
component: primarily of eye and moutBpecifically, for high scores on PQ&articipants
looked closer to the eye region (Estimat€0.86, SE = 9.35, t =2.23,p=0.026). In other
words, during rapid face movements and smaller mouth andigyecementgconstriction

actions), participants were more liketyattend to the eye region.

There was also a significant effect of coratit indicating that gaze to eyes was significantly
modulated by task. Specifically, there were significant pairwise differences between emotion
recognition and cued rating conditions (Estimatd .85, t =-2.553, p = 0.029, Cued >

Recognition). This indates that gaze distance to eyes was greater in the cued condition
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when they knew which emotion they would see, while participants looked closer to eyes in
theemotion recognition condition when trying to recognise the emotion. No differences were
found for passive vs. emotion recognition (Estimate = 2.49, SE=1.78,t=1.402 p =0.34) or
passive vs. cued condition (estimate2:05, SE = 1.78,t =1.157, p = 0.47). There were

also no significant main effects of alexithymia (Estimat®.38, SE = 2.96,=-0.13, p =.9)

or autistic traits (Estimate = 2.11, SE = 2.96 X #L, p = .47).

Looking at the tweway interactions, there were only two significant interactions between
clinical predictors and task, and clinical predictors gratiatkinematicswmres Specifically,

a significant interaction was found between alexithymia and PC1 (temporal/speed
component) (Estimate = 1.93, SE = 0.899, t = 2.139, p = 0.03). Slope analysis showed that
high alexithymic participants had lower modulation of gaze to Byespression kinematics,
whereas low alexithymic participants looked closer to the eyes on average with increasing
speed of facial actions. No significant interaction was observed between autistic traits and
PC1 (Estimate = 0.31, SE = 0.89, t = 0.358,.[@), which suggests that atypical gaze
modulation byspatiatkinematics(sensory information) is primarily linked to alexithymia and

not autism(seeFigure 3.17).

There was also a significant interaction between alexithymia scores and condition (Estimate =
2.490, SE = 1.256, t = 1.983, p = .04). Specifically slope analysis and visualisations indicated
significant differences in gaze allocation towards the eye regidhe emotion recognition
condition, with alexithymia scores being related to increased gaze allocation away from the
eye region, whereas low alexithymic participants looked primarily at the eyes when engaged

in emotion recognition (sdeigure 3.17). No other effects were significant.

131



CHAPTER 31 STIMULI AND TASK INFLUENCES

Away 170

160

150

Eye distance (pix)

140
Towards

Alexithymia split B
= high = low = mid
N Away
Yo 160
- ~
~ -~
S ~ Sy
~. X 155
~ ...s..: &
\‘h- o)
S 2 150
— o~ S
S~ @
e == o145
e ~, >
- i}
-~
N 140

*+ Towards

-4 -2 0
PC1: temporal/speed component (z)

= Passive view = Emotion recognition == Emotion cue

135

Alexitnhymia (12)

Figure3.17 Summary results for gaze towards the eye region.

A. Low &exithymia split (n = 36), midsplit (n = 43), high split (n = 21) for visualisation

purposes only. Lower values on PC1 indicate higher temporal change (speed). Lower values

on the y axis (eye distance) indicate gaze towards the eyes with higher valiczdimgl

gaze away from the eyeB. Alexithymia by condition interaction

3.2.3.3.2 Gaze towards the mouth region

There were no significant main effects of spaktialematics or clinical predictors (autism and

alexithymia) on gaze allocation to the mouth regldowever, there was a significant main

effect of task, suggesting that gaze allocation to the mouth region (like for the eye region) is

modulated by taskand emotiorrelevantpriors. Specifically, participants were more likely to

be looking towards the mtuin the cued compared tioe emotion recognition (Estimate =

7.07, SE= 2.2,z =3.21 p = 0.003) and passive viesomglitions(Estimate = 14.39, SE =

2.19, z = 6.56, g.001) and more during emotion recognition compared to passive viewing

(Estimate = 748, SE = 2.20z = 3.33 p = 0.003).

For the tweway interactions, there was a significant interaction between autistic traits and

displacement scores (PC2nouth and eye displacements) (Estimaté.39, SE=0.11,p =
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0.039). Slope analys showed thiahigh autistic traits were related to reduced gaze

modulation towards the mouth region ($égure 3.18).

Similar to eye region resultalexithymia interacted significantly with condition (Estimate =
3.32, SE =1.53, t = 1.994 p.63), with higher levels of alexithymia showing less task

differentiation effects on gaze to the mouth region (see slope visualisatieigaie 3.18).
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Figure3.18 A visual summary of results for gaze towards the mouth region.
A. Low displacement scores reflect largerwatd movements (mouth widen, eye open),
whereas higher values reflect constriction moveme@siall face movemenizredicted

attention to mouth inlow and mid but né highautistic traits.B. High alexithymia shows less
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differentiation of mouth gazéy task.C Threeway irteraction between displacement

scores autistic traits andask

Lastly, there was also a significant thigay interaction between autistic traits,

displacements (PC2) and condition (Estimate = 3.34, SE = 1.56, t = 2.14, p <.05). Slope
aralyses indicated significant differences in the influence of displacements in gaze allocation
to the mouth region for high autistic traits in the passive compared to emotion recognition

conditions (se€&igure 3.18).

These results suggest influences of both autistic and alexithyeutsin attention to the
mouth, with alexithymia influencing task modulation effects and autistic traits influencing

gpatiatkinematicmodulation of gaze towards the mouth region.

3.2.3.3.3 Gaze towards the nose region

Gaze distance to the nose region was predicted by the temporal (speed) comp@ient
(Estimate =5.44, SE = 2.31, p <.019). Patterns of increasing speed cid¢toas was

related to increasing gaze allocation to the nose region. There was no main effect of PC2
(displacement component) on gaze allocation to the nose region (Estin3a28,SE = 2.30,
t=-1.42, p =.15). Similarly, no main effects were founddi@xithymia (Estimate = 2.46, SE

=3.21,t=.766, p = 0.423) or autism (Estimate2-97, SE =3.2, t =09 , p = 0.355).

Similar to results for eye and mouth region, there was a main effect of task, with two out of
three pairwise comparisons indicatisignificantly more attention towards the nose region in
the recognition condition compared to passive viewing (Estimate = 13.31, SE=1.9,z =
7.013, p.adjusted < .0pJand cued compared to passive viewing (Estimate = 16.02, z =
8.415, p.adjusted.001).However there was ndlifferencein gaze towards the nose for

emotion recognitions. cued condition (Estimate = 2.71, z = 1.42, p =..33)
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For the tweway interactions, there was a significant effect of alexithymia and temporal
componeni PC1 (Estimate 2.51, SE = 0.961, t = 2.61, p = .009). Slope analyses and
visualisations indicated a reduced effect of temporal kinematics influences on gaze at higher
levels of alexithymia (seigure 3.19). There was also a significant interaction between
component 2 (displacement) and condition, showing the redofteence of face action
displacements on gaze allocation to the nose region for passive viewing compared to cued

condition (Estimate = 2.38, SE =1.1128,t=2.142, p =.032).

Also, similar to results for gaze towards the eye and mouth regions, alelathigm

modulated gaze to the nose region differently depending on theataskemotiorrelated

priors. Slope analyses and visualisations indicated that alexithymia was related to increasing
gaze towards the nose region on the passive condigtimate=-2.97, SE =1.32 , t =2.24,

p =.025) whereas low alexithymic had increasing gaze towards the nose on recognition and

cued conditions (Estimate =2.66, SE =1.340, t = 1.98, p = .047). No other effects were

significant.
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Figure3.19Visual summary of results for gaze towards the nose region
A. Alexithymia byPC1 interactiorg split for visualisation purposes onB.Displacemenby

taskinteraction C. Alexithymia by taskteraction
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3.2.3.4Effects of spatial-kinematics on intensity ratings and emotion
recognition.

3.2.3.4.1 Intensity ratings

There was a significant effect of PC1 (temporal/speed component) on intensity ratings.
Specifically, increased speed of coactivated face actions (negative values me&t@#&y in
stronger intensity ratings (Estimate®20 SE = .09, t =2.18,p = .030. This might reflect

the fact that spontaneous expressionsrmally rated as less intens@nhuber et al., 2031
show reduced speed of facial actions. No nefiects were observed for displacement scores

(PC2), autistic or alexithymic traits.

For the tweway interactions, there was a significant effect of alexithymia and PC1
(temporal/speed component) (Estimate = 0.034, SE = 0.016, t = 2.178, p.=Tld28ffect
indicates thatat fast (but not slow) facial actions, low alexithymia participants rated faces as
more intense compared to higlalexithymic participants (sda@gure 3.20). Similarly, there

was a significant interaction between temporal componentsaikdwvith low scores on PC1
(higher speed of facial actions) leading to stronger intensity ratirgggethcondition

compared to the emotiarcognition condition (estimate = 0,79E = .3177,t=2.50, p =

.012.
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Figure3.20 Visual summargf results for intensity ratings
Spatiatkinematics affect ratings differently as a functionakxithymia and task. Asplit
for visualisation purposes only. High values in PC1 represent reduced speed in facial actions

B.temporal componenby task interaction.

3.2.3.4.2 Emotion recognition

Only one of the three conditions included emotion recognitiongsby design. Therefore,
only the effects o§patiatkinematicson emotion recognitionvere assesse@here was a
significant effect of PC1 (temporal coactivation), with higher temporal coactivation leading

to reduced recognition ratelSstimate =0.94,SE = .34 , z 22.760, p = .006).

When looking at the clinical predictors, there was a significant effect of autistic traits
(Estimate =0.23, SE = .11, z =2.129, p = .04) indicating that increasing autistic traits are
associated with reduced recogmitirates and no significant effect of alexithymia despite the
predicted directionHstimate =-0.139, SE = 0.110, t4.262, p =.21). However, a further
inspection of this pattern suggests that this effect was primarily driven by high autistic traits
and alexithymia in autistic participants. In fact, when breaking down the analysis by group

there was no significant effect of autistic traits on emotion recognition for either group,
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whereas the expecténdwas observed for alexithymia (predicting reedcecognition)

(seeFigure 3.21). No other effects were observed.
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Figure3.21 Visual summargf results for emotion recognitioaccuracy.
When matched, aggregated performance (for illustration purposes) was not significantly

predicted by autism, whegsalexithymia predicted impaired emotion recognition.

3.2.3.5Summary of results

Multivariate analysis o$patiatkinematicsof facial actions identified two significant
components that explained patterns of coactivation of various face actions involved in
emotional expressions. Component 1 is related to temgspattof face movements

(speed), an€omponent is related to displ@ments (e.g mouth and eye constriction or
widening movements). The analyses of behavioural responses showgzhtiadkinematic
information in facial expressions modulated gaze along with taskemotiorrelevant

priors. Furhermore, gaze allocation analyses showed primarily contributions of alexithymia,
which differentially affected the degree to which gaze behaviour was modulaspetiat
kinematicsand taskand emotiorrelevantpriors. There was also some indication thath

autism and alexithymia may contribute to modulate gaze allocation to the mouth region via

different mechanisms, with autism modulating the impactpdtiatkinematicsand
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alexithymia modulating the impact of task and stimuli related priors ontgazeds the

mouth region. These results were also consistent with behavioural ratings withadffects
spatiatkinematicsand conditions significantly influencing intensity ratings and emotion
recognition and atypicalities in emotion processing being exgudi@rimarily by alexithymia

rather than autismredictors

3.2.4 Discussion

The current study investigated the contributiosdtiatkinematicsand task and emotien

related priors on gaZgehaviour and emotion processing. In particular, inspired by the
Bayesan accounts of autistic perceptifiElizabeth Pellicano & Burr, 2012ndresults in

Chapter 2 (Cuve et al., 2021) and Experirm@rdand 3 in the current chapiehis work aimed

to explore whetheatypical gaze and emotion processing can be explained in terms of
differential modulation by both stimulus dynamics (bottomstimulus factors) and tasknd
emotionrrelevantpriors in autism. Furthermore, this study aimed to test the specificity of
autidic influences on social attention and emotion processing when compared to alexithymia,

in light of the alexithymia hypothesis discussed in the Introduction

Perhaps unsurprisinglthe currentesults highlight that visual attention during emotional
faceprocessing is in part determined $patiatkinematicsof facial expressionsrhis is,

however, the first quantitative demonstration of the effectsedpatidemporaldynamic of
nonverbalacial cues on gaze behaviour. In particulgratiatkinematicsrepresenting

temporal changes of facial actions associated with emotional expressions predicted the degree
of attention to eyes, nose, and mouth. Rather than supporting general ratios of gaze allocation
to different face regions durirte processing of facial expressions, these results suggest that

the amount of information expressed in terms of coactivation of facial actions has an
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important role irdynamicallymodulating gaze allocation to faces. This result is important for
researchocusing ornthe processing of emotional faces where often the robxpfession
dynamics is ignore(Dobs et al., 2018; Krumhuber et al., 2013; Krumhuber et al., 2006;
Namba, Matsui, & Zloteanu, 20219nd their influence on gaze allocation is rarely seesd
(Cuve et al., 2021)As such, previous patterns of generalised eye preferenwzumed eye
preferencdor some emotions and groups, may not generalise across stimuli varying in
spatiatkinematics which may explain the mixed findings of the effetautism on social

attention(Cuve et al., 2018; Guillon et al., 2014; Papagiannopoulou et al.,.2014)

The results also highlight angple but important observation, that gaze allocation to faces is
taskdependent. Even with the relatively coarse gaze location estimation method used here
(when compared to high resolution gaze sampling in standaftlaejeng as in Experiment

1), task &ects were clear, with participants showing increased eye preference for passive
viewing and emotion recognition conditions, but not cued conditions. Furthermore, in line
with top-down effects of priors on gaze behaviour, reduced eye gaze in the cugmoond
likely reflects the effect of confirmatory visual behaviour in accordanteparticipants'
representations (priors) of temporal dynamics of facial expressions. If participants have
models forhow emotional expressiore/olve on averagehen thosenodels likely

differentiate the usefulness of egadated cues over time for various emotions, causing their
gaze to be directed to the most informative parts of the face, which is not necessarily the eye

region for all emotionsr for the entire expressiqsee Jack et al., 2014).

These results are consistent with éye-trackingand gaze entropy results reported in
Experiment 1 in Chapter 2as well ago task modulation of gaze documented across
varioussocial and norsocial visual processé¢$atler et al., 2011; Yarbus, 196H)¢cluding in

social attention to facgslessels et al., 2019; Hessels, 20BHwever, studies looking at

140



CHAPTER 31 STIMULI AND TASK INFLUENCES

modulation of gazeotfaces by tomlown factors have typically failed to account for the
dynamic nature of visual information in facial expressions, relying on more rudimentary
characterisation aftimuli (e.g., the occurrence or not of a certain actions such as blinking
rather than a proper quantification gfpatiatkinematic$. | suggest the latter approach may be
more sensitive in capturing both stimulus effects on visual processing and interactions

between stimulus and tagpown factors.

One of the main goals of this studss to explore whether stimulus and task factors could

explain the atypical gaze allocation reported in autism and alexithymia. While there was no
direct effect of autism and alexithymia on géimecontrast to Experiment 1ljkely due to

limited samplirg of gaze behaviour, atypical gaze modulationdsk and emotiorrelevant

priorsand stimulus dynamics was observed for alexithymia for gaze to the eyes nose, and
mouth. Alexithymia also interacted with task, replicating results from Experiment 1 in

Chagper 2, suggesting that alexithymic impairments in the visual processing of nonverbal
emotional cues are related to suboptimal priors to guide visual exploration of facial
expressions. However, a novel finding compared to Chaptsithat alexithymia also

interacted withspatiatkinematiccomponents suggesting that alexithymia may be related to
altered sensitivity to spatiotemporal dynamics of facial expressions. However, whether the
latter reflects atypical lover-high level processing of dynamics is wranl. One possibility is
thatalexithymiai s r el a4 edet 6 dedbwcits in biological
been suggested by earlier studies showing that alexithymia scores predicted performance with
pointlight displays(Lorey et al., 20123nd differences in early ERP components during

motion processin@Borhani, Borgomaneri, Ladavas, & Bertini, 2018pweveri t 6 s al s o
possible that these effectsleeél écspatiypt emp

dynamics cues like facial expressions.
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Furthermore, if these results are to inform Bayesian accounts of autism applied to social
attention, the evidendeere suggests that atypical sensitivity to sensory cues and atypical
modulation by priors to newerbal cues might characterise alexithymia rather than autism.
This result is consistent with findings in Chapter 2 using a similar task (although with a
resticted range of stimulus dynamics), where alexithymas found tanoderatethe effects

of task on the complexity of gaze patterns during emotion procg€invg et al., 2021).

One recent study provided evidence that was somewhat inconsistent withethdtse r
however- autism effects on emotion processing were shown to remain even after accounting
for alexithymia when processing biological motion related to facial cues of @fegting,
Sowden, Fraser, & Cook, 2020)his discrepancy may be relatedhe fact that the current
study sampled a wide range of expressions, naturalistic and posed, and used actual faces
rather than poinlight displays which prioritise biological motion. Deficits in the processing
of biological motion might be a point of conéince for alexithymia and autism influences on
emotion processing. Recent metanalyses also suggest a higher likelihood of deficits in
processing biological motion in autigiidan, Tijus, Le Barillier, & Nadel, @L5; Todorova,
Hatton, & Pollick, 2019)While studies often attempt to dissociate biological motion
conditions from emotion, facial expressions moe-verbalcues that inherently contain
biological motion. As such it's possible that biological moporcessing deficits in autism

and alexithymia have different causes but similar consequences. Future studies should
therefore aim to explore other types of ramotionrelated biological motion tmvestigate

the specificity of any effects of alexithymiadautism effects on motion dynamics.

In summary, these results show that emotion processing can be studied in terms of sensory
driven stimulus influences as well as tagkd emotiorrelevant priors relevant to Bayesian

accounts of sociattention Thecurrent results support the idea that both stimulus dynamics
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and taskand emotiorrelevantpriors influence emotion processing, and that atypical
integration of sensory information related to stimulus dynamicsamdown effects related

to task and emotiorrelevant priorgnight be primarily a product of alexithymia, not autism.
Rather than requiring a specific Bayesian theory of alexithymia, however, these results likely
suggest that alexithymia may disrupt perceptual learning of emotidoahation during
development, giving rise to atypical or suboptimal representations/priors that guide visual

processing of socioemotional stimuli.

3.2.4.1Limitations and future directions

Several limitations of this study should be discussed to inform futseareh. First, while

the novel gaze location estimation method has some advantages in that it can be deployed
outside the lab allowing for more naturalistic viewing behaviour and cor{feutioy,

Goldman, & Shechtman022), and shows remarkable consistency with patterns of gaze

from previous studies using standard-&ngeking, this method has undoubtedly reduced the
temporal sampling capacity and cannot describe spatiotemporal properties of eye movements
(as done irChapter 2). As such, some direct effects of autism and alexithymia (e.g., on
reduced gaze) might have been harder to detect. Therefore, replication of this work with

similar approaches employed in Chaf@nd standard eyteacking is needed.

Second, thautistic sample used in this study is defined as high functioning and with high 1Q,
which does not necessarily represent the autistic population as a whole. Although this is a
selection bias that is not specificttos study(Russell et al., 2019}t caries important
implicationsfor the generalisability of autismelated research to diverse populations (e.g.,

those with intellectual disabilities).

Third, the current study relied on quantifying naturaltcurring dynamics and manipulating

conditions o study the influence of sensory information and priors on emotion processing.
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However, it is important to highlight that Bayesian models of vision provide not only a theory
but also an empirical and methodological framework to test the computationalnisecha

that implement the principles of Bayesian perception (e.g. active infer@mistdn et al.,

2013; Lawson, Rees, & Friston, 201&pr example, whil¢éhis studyused priors in a general
sense to refer to knowledge or expectations about facial expressions and then assumed this
knowledge is used to accomplish the different tasks (emotion recognition, intensity
judgementy or can be activated to produced confirmgaigaze (via emotion cueing), the

current study does not assess several elements that are crucial for Bayesian models of vision
and perception. A key idea of Bayesian accounts of perception is that higher brain networks
which code for statistical probahi#s associated with the environment generatedtpn
predictions that meet botteap stimulusrelated signals from lower sensory areas and
generate a prediction error, which reflects the discrepancy between actual sensory input and
top-down predictiongFriston et al., 2013; Lawson et al., 2014qawever, the current study

did not make any direct measurement of prediction errors, priors, or their premsite

precision of sensory informatioRather, their influence is inferred based on the modaulatio

of gaze behaviour and emotion ratings as a function of the experimental conditions and
stimulus properties. As such, future work exploring the application of Bayesian accounts of
autism to social attention and emotion processing should devise taskshdser&ey

elements of the Bayesian theory are tested, including manipulating (and measuring) the
precision of sensory information and priors about communicative facial cues. This research
should also aim to generate experimental conditions where predectars about upcoming
sensory information (relating to nonverbal cues) can be tested (e.g., through a presentation of

incongruent facial actions to expected emotional cues).
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3.3 What comesnext?

In Chapter 31 extendedindingsfrom Chapte by showing that botktimuli dynamics and
taskrelated factors modulate gaze allocation to faces and emotion processing, and that
atypical modulation of gaze ligesefactorsreflectsprimarily influence ofalexithymiarather
thanautism in line with the alexithymia hypothesiShapter will turn thefocus tothe
experientiacomponent®f emotionthought to be atypical in autisas discussed in Chapter
1. First, Experiment4 and 5presents validationstudyof a new eyedrackingand
psychophysiology setup usadseveral tasks in Chapter 4. Th&xperiments 6 and will
investigatephysiological andnteroceptive processes implicated in emoaod how they are

affected byalexithymia and autism
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4 CHAPTER 4. PHYSIOLOGICAL
MECHANISMS OF SOCIOEMOTIONAL
PROCESSING

This chapter starts by presenting a validatba new setup, usead the psychophysiology
andeyetracking experimentsThis validation supported the inclusion of some
psychophysiology measures whiobuld reduce participant burden associated with setup
(e.g. attaching many sensors), particularly redewvehen studyinglinical participantsThis
also supported the use of the nlw-costeyetracker in the following experimentgiven
that it was not routinely used for research applicatibhs experiment will also introduce
the main preprocessing pipelinéor analysing the physiological signafet will be used in

subsequent experiments.
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4.1 Validation of Gazepoint low-cost eyetracking and psychophysiology
bundle

This sectionis based on the published versionmalated workbelowedited specifically for

the thesis

Cuve, H. C., Stojanov, RobertsGaal, X., Catmur, C., & Bird, G. (2021). Validation of
Gazepoint loncost eyetracking and psychophysiology bundBehaviorResearchMethods

1-23.

Abstract
Eyetracking and recording of physiological signals are increasingly used in research within
cognitive science and humaomputer interactiorzaze position and measures of autonomic
arousal, including pupidiameter skin conductance (SC) and heart rate (HR), provide an
indicator of cognitive and physiological processes. The growing popularity of these
techniques is partially driven by the emergence ofdost recording equipment and the
proliferation of opersourcesoftware for data collection and analysis of such signals.
However, the use of new technology requires investigation of its reliability, and validation
with respect to realvorld usage and against established technologies. Accordingly, in two
experimentgtotal N = 69) we assessed the Gazepoint-BP3®yetracker and Gazepoint
Biometrics (GPB) system from GazepoiResultsshow that the accuracy, precision, and
robustness of the eyteacker are comparable to competing systems. While fixation and
saccade\ents can be reliably extracted, the study of saccade kinematics is affected by the
low sampling rate. The GP3D is also able to capture psychological effects on pupil dilation
in addition to the weltlefined pupillary light reflex. Finally, moderate-strong correlations
between physiological recordings and derived metrics of SC and HR between the GPB and

the wellestablished BIOPAC MP160 support its validity. However, low amplitude of the SC
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signal obtained from the GPB may reduce sensitivity when atpguphasic and tonic
components. Similarly, data loss in pulse monitoring may pose difficulties for certain HR
variability analyses.

Keywords eyetracking; psychophysiology; gaze position; pupillometry; skin conductance;

heart rate; validation; Gazepbi@P3HD.

4.1.1 Introduction

Eyetracking and psychophysiological recordihjave gained popularity in recent years as a

way to gain insight into cognitive processes, particularlytithecourseof those processes
(Cacioppo, Tassinary, & Berntson, 2016; HolnsgjvNystrom, Andersson, & Dewhurst,

2011). The use of these techniques for research is not new; attempts to track human gaze and
link physiological signals (e.g., heart rate, skin conductance and pupillary change) to
cognition, although highly expensivadiinvasive, can be found even in the nineteenth

century (see, Buswell, 1935; Dodge & Cline, 1901, and Cacioppo, Tassinary & Berntson,

2016, for a review).

While of interest to researchers for decades, this technology was until recently, mostly
limited toresearch groups that could afford their high cost along with the proprietary
software necessary to analyse the data (Funke et al., 2016). However, the proliferation of
technology companies working on virtual reality, hurecamputer interaction, and

marketng, has diversified research into, and applications oftreyking and

psychophysiology technologies.

Manufacturers are now starting to offer lawst eyetrackers (e.g., GP3 and GIPID from

Gazepoint; Tobii Eye Tracker 4C and Tobii Eye Tracker 5 fiatnii or the now

3 Note that although eyiacking is also considered to be a psychophysiology technique, theatermmsed
separately simply to aid exposition of the validation of thetegeking device and the biometrics bundle (for
skin conductance and heatrt rate).
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discontinued EyeTribe), and there is increased availability of-eparce data acquisition

and analysis software (e.g., OpenSesaMathot et al., 201.2PsychoPy Peirce et al., 2019;
PyGaze Dalmaijer et al., 2014; GazeRGeller, Winn, Mahr, & Mirman, 2020). Similarly,

there are several psychophysiology devices for skin conductance and heart rate measurement
targeted at both consumére.q., Fitbit bracelet®pple Watch, and smartphone apps

(Muhlen et al., 2021), and researchers (e.g., Shimmer by Tobii, the E4 wristband by
Empatica), alongside the more conventional (and more expensive) devices traditionally used
for scientific research. A number of establdlogpensource tools for analyses of signals like
SCR (Ledalab, Benedek & Kaernbach, 2010; PSBdch & Staib, 2015; EDAEXxplorér

Taylor et al, 2015) and heart rate and variability (ArtiFact, Kaufmann et al., 2011; Kubios
Tarvainen et al., 2014; RapidWRKirk, Garfinkel and Robinson, 2021) have made it easier

to automate often cumbersome-precessing procedures.

These inexpensive eyecking solutions represent a very attractive option, not only for

researchers operating on a limited budget, butfaisthose interested in more portable and

less cumbersome eyracking devices that can be easily moved and retrofitted according to

specific study purposes and environments. There are also several potential advantages

provided by the newer and simplevices to measure SC and HR. For instance, traditional
psychophysiological recording takes time to setup and can be invasive (e.g., attaching
specialised ECG sensors to the participantos

clothing) which candd burden particularly to special participant populations (e.g. clinical
groups).

While the diversification of ey&racking and psychophysiology solutions provides
considerable opportunities, it can also represent a risk to research validity and réigyduci

if researchers are not adequately informed about the limitations of theokiwdevices

available on the market (Orquin & Holmqvist, 2018; Society for Psychophysiological
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Research Ad, 2012). For eymacking applications, manufacturers commonlycsyespatial
accuracy the average distance between a known target in space and the gaze position
estimated by the eyteacker; and spatial precisienthe average distance between consecutive
gaze position data points where gaze is assumed to have edmglatively stationary

(Hol mgvist, Nystr°m, & Mulvey, 2012). Howeve
are usually conducted under optimal conditions with trained participants using chinrests, or
even using artificial eyes (Hessels, Cornelissemikar, & Hooge, 2015). As a result,

relying solely on performance estimates provided by the manufacturers can yield unjustified
optimism when evaluating the suitability of levast eyetracking devices to answer certain
research questions. Aware of the né@dperformance evaluations in more realistic
experimental conditions, eyteacking researchers have conducted extensive validation and
comparison studies for some of the most frequently usettasking devices (see, Funke et

al., 2016; Hessels, Andemss Hooge, Nystrom, & Kemner, 2015; Janthanasub & Meesad,
2015; Leube, Rifai, & Wahl, 2017; Mannaru, Balasingam, Pattipati, Sibley, & Coyne, 2017;
Niehorster, Cornelissen, Holmgvist, Hooge, & Hessels, 2018). A common observation across
these studies is thaven under ideal conditions, there is still a great deal of variability in

how well different eydracking systems perform.

In addition to gaze position eygovement researchers often study saccades. However,

systematic analysis of saccades in valmtastudies is often overlooked. While system
accuracy and precision can inform saccadomet
baselines for saccade metrics and most research has relied on direct comparison of different
eyetrackers (e.g., DalmajerP24; Nystrom, Niehorster, Andersson & Hooge, 2020).

Nonetheless, it is possible to assess saccade parameters descriptively, for example, by

looking at known regular relationships between saccade parameters (e.g. duration, amplitude,

velocity) knownasthe accadi ¢ 6dmain sequenced (Bahil!l et
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2021).The shape of the main sequence iskethwni for small to medium saccades

(between 10 to 20 degrees of visual angle in size), one should expect the relationship between
these sacaie metrics to be approximately linear (Gibaldi & Sabatini, 20Qihyilarly, for a

given task where the size of the expected saccade is known, researchers could use the actual
observed saccades of typical participants to assess undershooting or oveysasotell the

degree of saccade curvature (Leeuwen & Belopolsky, 2018).

This study aimed to assess the performance of a new relativebotveyetracker, the

GP3HD (Gazepoint), with a sampling rate of 150 Hz and incorporating adggjhition
machinevision powered camera. The GPIB replaces the previous model, the GPBicl
recorded at 60 Hz and for which independent validations exist (Brand, Diamond, Thomas, &
GilbertDiamond, 2020; Mannaru, Balasingam, Pattipati, & Sibley, 200} setup will be

used for the other experiments in this chapter.

In addition to the GRBID, Gazepoint recently launched a Biometrics system (GPB) for the
measurement of autonomic responses, specifically, skin conductance (SC) and heart rate
(HR) . SC and HR provide an indication of the
arousal, and thehyysio-anatomical mechanisms underlying changes in SC and HR are

relatively well understood. As is the case with the BB however, the reliability and

validity of the GPB is currently unknown. A comparison of raw and derived SC and HR

metrics obtained ém the GPB and from a wedistablished device would provide a useful

insight into the potential of the GPB to provide valid measurements. Therefore, this study

also aimed to validate the GRBorder to include it as an option that can be used with certain

special populations
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In Experimen, common data quality indicators (calibration quality, data loss, accuracy,
precision) were obtained for the GPIB eyetracker.This studyalsoprovidesinformation

on sampling rate variability and fixation and saccade metrics (Holmqgvist, Nystrom,
Andersson, & Dewhurst, 2011). In addition to gaze position and saccade analyses, we
provide pupillometry analyses tracking the pupillary light reflex (PLR)ysiplogical

process in which the pupil constricts in response to increased light intensity and dilates in
response to reduced light intensity (Math6t, 2018). In Experi@iensecond validation of

the GP3HD systemis providedthat enabled to study itedormance under the conditions
encountered in a typical psychological experiment, as well as to further test measurement of
pupillary responses. Additionally, in Experiméhtdata were collected simultaneously from

a wellestablished psychophysiologicakcording system (BIOPA®IP160) and from the

GPB system to assess the validity of SC and HR data, and derived metrics, recorded from the
GPB systemExperiment 6 is particularly relevant iasepresents the main experimental task
used for studying psychbpsiological responses to emotion in this thdsiisally,

recommendations for researchers planning to use this technology are provided.

4.1.2 EXPERIMENT 5
4.1.2.1Method
4.1.2.1.1 Participants

A total of 13 university students (7 women, 13 riganhded) took part iExperiment 1 after
exclusion of one participant due to a failure to calibrate, and one for excessive data loss and
difficulties tracking). They ranged in age from 19 to 28 years (M = 22.08, SD = 2.40). All
participants had normal or correctednormal vison and reported being able to complete the
study without relying on vision correction. Hence, no participants wore glasses or contact
lenses throughout the experiment. Finally, no participants wore-ogakering the

experiment.
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4.1.2.1.2 Apparatus and task envirament

The experiment was run on a Dell compftatel Core i73610QM @ 2.30 GHz, 16 GB
RAM, Windows 10) andhe task stimuli were presented on a monitor (53 x 30 cm, 60 Hz
refresh rate1920 x 1080 pixels45.99 x 27.01 degrees of visual anglhe experinent was

completed in a dimly lit, sounproof testing room.

4.1.2.1.3 Eyetracking

The remote GRBID eyetracker, recording at 150 Hz, was used in this study. The eye

tracker was controlled through a custom script in PsychoPy (Peirce et al., P94 @ye

trackerwas placedt a45° angleand06 5 ¢cm from t he @saict=l ci pant s
62.45 cm)in line with the instructions provided in the Gazepoint manual. The Gazepoint

control and monitoring window, and physical measurement (before and between tasks) wer

used to aid setup and find an optimal positieye-tracker specifications provided by the

manufacturer are summarizedTiable 4.1.

Table4.1 GP3HD eyetracker specifications offered by the manufacturer (Gazepoint)

GP3HD specifications Values
Accuracy 0.5-1°
Headbox 35x22cm
Precision NS
Sampling rate 60 or 150 Hz
Tracking distance 50-100 cm (65 cmmecommended)

Notes.NS = Not specified by the manufacturer.

Prior to starting the main tasks, calibration was performed using 4ainegrid followed
by a validation sequence. Satisfactory calibration criteria for continuing with the task were
determinedh priori: (a) all nine calibration points had to be deemaliti according to the

Gazepoint Control software; (b) average calibration error had to be below or equal to 40
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pixels (approximately 1 degree of visual angle); and finally, (c) using dimealgaze relay
nnepoi nt grid, wher e ownasnovinggrpea dots ®rothegcaeere wa s
participants were asked to report how good they thought thramler was at

approximating where they were actually looking usingl® &cale after explicitly attending

to each of the gaze targets. Only answetgmktp, or above, 8 were accepted.

4.1.2.1.4 Tasks

Fixation-Saccade task

Participants completed two main tasks. The FixaBancade task was designed to provide

data for the calculation of fixation and saccade metrics, and for accuracy and precision
analyses. Participants were presented with nine black dots on the screed0(pizels,
approximately 1 degree of visual angle; with an average distance of 11 degrees between
target dots; seBigure 4.1- A). A target (blue dotytarted on the central dot and then
transitioned from the centre to each peripheral dot at random throughout the task. All target
positions were sampled before any were repeated. The duration of time for which the central
dot was blue was varied betweear®l 5 seconds on each transition to prevent participants
from trying to predict when and where the dot will move next. The task finished when each

peripheral dot had turned blue twice.

Pupillary Light Reflex task

The second task was designed to evoke the pupillary light reflex (PLR). Participants were
presented with a grey dot in the middle of the screen (size: 50 pixels, approximately 1.2

degrees of visual angland instructed to fixate on it while black and wehiiackgrounds

4 Please note that the screen was not exactly white as the change from a completely black to a comtdetely whi
screen would have been straining for participants and would have caused excessive blinks and data loss during
this transition period. The exact colour of the screen was [0, 0, 0] in the RGB colour space.
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interchangecevery 5 second€ach screen wasesented 12 times (24 changégolour, see

Figure 4.1- B).
4.1.2.1.5 Procedure

Participants compked the setup and the calibration procedure, followed by the tasks detailed
above. Each task was completedvi ce, once with the participar
chinrest to limit their head movements, and once without. In both conditions participants

were asked to avoid head and body movements. The order of tasks and conditions (chinrest

vs. nachinrest) was counterbalanced. The calibration procedure was performed prior to each

task. After the experiment participants were debriefed. All experimemtedgures were

conducted in accordance with tfevised 201®eclarationof Helsinki and were approved by

the local research ethics committee.

4.1.2.1.6 Pre-processing

Eyetracking data werpre-processed using custom code in R (version: 3.6.1). Gaze samples
falling outside screen coordinates were eliminated, as well as the samples labelled as invalid
by the eyetracker (in total, 2.72% of the samples were excluded, out of which 0.74% fell
outside the screen boundaries, and 1.98% were labelled as invalid by-theckge).A

simple implementation of the adaptive velodigsed algorithm proposed by Engbert and

Kl iegl (2003) was used to det-SBatcadeatiask. a
Saccades were defined as periods of at least 20 ms (the duraticeedcddiacent gaze

samples) where velocity exceeded an adaptive threshold set for each participant and condition
(chinrest and nehinrest) based on the level of noise in the data. The velocity threshold was
defined as 5 median absolute deviations aboventtgian velocity for each participant and
condition. Finally, to prevent artificial improvements in accuracy and precision, no

smoothing, filtering, or interpolation was applied to gaze position coordinates.
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For the PLR task, pupil data were first cleabgademoving pupil sizes outside the range of

2-10 mm. Pupil data were then goeocessed using functions from the R package GazeR
(Geller, Winn, Mahr, & Mirman, 2020). Data loss (e.g., blinks) up to 150ms in duration were
imputed using linear interpolatioRinally, a subtractive baseline correction was applied in

line with the recommendations in Mathot et al. (2018). Median pupil size during the last 20
samples of the preceding trial and the first 20 samples of the current trial (approximately 240
ms, incaporating an equal duration of light and dark screens) was taken as baseline pupil

size, from which all individual pupil sizes were subtracted on each trial.
4.1.2.1.7 Metrics and analyses

Calibration quality . To assess the calibration quality, two metrics were basdd on the
manufacturerdéds calibration procedure: 1) the
experimenter accepted the calibration, and 2) the average error of the accepted calibration.

All calibrations needed to have nine valid calibrafimmnts to be accepted so the number of

valid calibration points was not considered in further analyses.

Sampling rate variability. As the GP3HD eyetracker has a sampling frequency of 150 Hz,
theexpected average intesample timas approximately 0.0067 seconds (6.7 ms). Sampling
rate variability was assessed by calculating the mean and the standard deviation of inter
sample time as well as their robust equivalents (median and median absolute deviation), for
both the chinrest and rzhinrest condition. Sampling rate variability was assessed across

both the FixatiorSaccade and the PLR task.

Data loss Data loss occurs when the elyacker cannot detect the position of the eyes, and
individual samples where this happens are labelléavasid by the device. Proportion of lost
gaze was computed for each trial and participant and compared between conditions (chinrest

and nachinrest).
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Accuracy. Prior to computing accuracy and precision, the first and last 250 ms of each trial

were remoed to give participants time to fixate on the new target dot and to limit the extent

to which participantsdé anticipatory saccades
chosen after calculation and visual inspection of saccade latency. Accuracymyagembas

the error between the estimated gaze location and the location of a known target (Holmqvist

et al., 2012). Horizontal and vertical accuracy were calculated for each gaze sample in the
Fixation-Saccade task by subtracting estimated x and y gardinates from the prdefined

x and y coordinates of each target dot location. Sadephd global accuracies were

calculated as Euclidian distances between estimated x and y gaze coordinatesiafidgate

x and y coordinates of target dot location®@igure 4.1- C and 1- D).

Having calculated all three types of samlgeel accuracies, outlier samples were removed if
they were greater than 4 medemsolute deviations from the median respective accuracy for
each patrticipant, condition, and trial (2.1% of the samples were excluded for vertical
accuracy, 3% for horizontal accuracy, and 2.9% for global acciiracte that these values

are not indeperaht). These outliers corresponded mostly to saccades, with the size of the
error matching the expected saccade sizes during the task (note that analyses with outliers
yielded consistent results). This was performed to avoid biasing the accuracy caltlation
including gaze samples where the participant was likely to have clearly moved their eyes
away from the target dot. Finally, mean vertical, horizontal, and global accuracy were

calculated for each participant, condition, and trial.
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Figure4.1 Schematics of task and eymacking measures.

(A) Schematic of the Fixatig®accade task. A blue target appeared and switched from the
central dot to each of the peripheral dots. (B) Schematic of the Pupillary Light Reflex task.
Each screen appeared 12 times. Both tasks were repeated twice, oncamdgtionce

without, a chinrest. (C) Illustration of the concepts of accuracy and precision fearagkeng

data. The blue centre dot represents the known gaze target, andrnaler pinkcircles
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represent gaze locations estimated by the ggacker. (D) iree types of eydracker

accuracy calculations. AH = Horizontal accuracy for a particular gaze sample. AV = Vertical
accuracy for a particular gaze sample. AG/EUCL = Global/Euclidian accuracy for a particular
gaze sample. (E) lllustration of saccade nestrSE = Starting error. LE = Landing error.

/| dZNBI G dzZNB I aSRAlLY 2F |tf AYRAGARdAzZ f hA | y3f

line connecting the start and end point of the saccade.

Following the calculation of descriptive statistics, linear ixedels in Ime4Bates,

Machler, Bolker, & Walker, 20)4were fitted to test whether global accuracy differed
between conditions (chinrest and-cianrest) and target dot locations (central and peripheral)
while accounting for participant and trial random effebtaximal models were always fitted
first (Barr & al., 2013), and convergence and singularity warnings were resolved by
simplifying the random structure using Principal Component Analysis to determine the most

relevant random components (Bates et al., 2015).

Finally, it wasdecided to compare accuraay the central dot location against accuracy on

all the peripheral dot locations grouped together for two reasons: (a) in psychological
research, stimuli are commonly presented at the centre of the screen, and it might be useful
for researchers to know witetr accuracy at this location is superior to accuracy at any
peripheral location; (b) since trials with different target dot locations varied in frequency and
duration (central target was presented more frequently and for a longer period of time in
comparson to peripheral targets), grouping all peripheral locations allowed us to increase
statistical power. Additionally, only samplevel accuracies within the first 2 seconds of the

central trials were used in this comparison in order to match their duveatio the duration
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of peripheral trialsFor analyses, accuracy was{wgnsformed to correct the violation of the

assumption that the residuals of the model are normally distributed.

Precision.Precision is a measure of the spatial variance in accwiaey the eye is assumed

to be relatively stationary (Holmqvist et al., 2012). Therefore, gaze samples were first parsed
into fixations and saccades based on the adaptive velocity threshold described above. Only
fixations longer than 80 ms were used forcakdting precision to avoid including small

saccades which may be inaccurately labelled as fixations. Horizontal and vertical precision
were calculated on a triddly-trial basis for each participant by computing the root mean

square from successive gazengées for each fixation to the target dot. Global precision was
calculated by first estimating the Euclidian distances between pairs of adjacent gaze samples
and then computing the root mean square over these distances. After calculating descriptive
statigics, linear mixed models were fitted to test whether the three types of precision
(horizontal, vertical, global) varied between conditions (chinrest arahimpest) and target
locations (central and peripheral) while controlling for participant andviaid@bility.
Comparison between central and peripheral ta
random structure followed the same logic as the analysis of accuracy. Precision data was also

log-transformed for analysis due to nnarmality of regluals.

PLR. Following pupil preprocessing and baseline correction, the degree of PLR elicited by
the changing stimulus was estimated (i.e., pupil constriction in response to light and pupil
dilation in response to darkness). More specifically, linear mixed modedsfitted for each
condition (chinrest and Rchinrest) to compare pupil size changes in response to the two

stimuli (black vs. white).

Saccade metricsSaccade starting and landing error, amplitude, gain, curvature, latency,
mean, and peak velocity wetalculated (sedsigure 4.1). These metrics are provided to

allow researchers to judge how well saccade parameters are reflected in gaze data from the
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GP3HD, as there are no standard norms to which these values can be judged against, other

than direct comparisons with other systems.

Saccade starting error was calculated as the Euclidian distance between the gaze sample
labelled as the saccade onset Hredcentre of the starting target, while saccade landing error

was calculated as the Euclidian distance between the gaze sample labelled as the saccade end
and the target centre (Dalmaijer, 2014). After calculating saccade amplitude (size of the
saccade imlegrees of visual angle), we proceeded to compute gain, the ratio between the
observed saccade amplitude and the expected saccade amplitude, actual distance between the
two consecutive target locations (Noto & Robinson, 2001). Saccades with gainsreks tha

were too smalll{ypometri¢, while saccades with gains higher than 1 were too large

(hypermetri¢. Gain provides an approximation of over underestimation of the expected

saccade amplitudes.

In order to capture saccade trajectories, curvature was calculated as the median angle between
each gaze point in a saccade and an imaginary straight line connecting the start and the end of
the saccade, following the strategy of van Leeuwen and Belop@6k®). Saccade latency

is the time from target onset until the initiation of the saccade to that target.

Finally, velocity was calculated for each gaze sample making up a saccade by dividing inter
sample distance (in degrees of visual angle) by-sdeple time (in seconds), after which

mean and peak velocity were computed for each saccade as a whole.

4.1.2.2Results
4.1.2.2.1 Calibration quality

Calibration metrics included the number of attempts it took to achieve an acceptable

calibration, and the average error of #iccepted calibration. Due to the violation of
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normality (Shapirewilk test: W(12) = 0.72p < .001), a Wilcoxon signethnk test was
performed to examine differences between the chinrest aoHingest conditions on both
calibration quality metrics. Ndifferences were detected in the number of calibration
attempts (Muinrest= 1.81, MvocHinresT= 1.58,W(12) = 30,p = .402) nor in the average
error of the accepted calibration {Mnrest= 0.93, MnocHinrResT= 0.99,W(12) =47 p =

.946) (sed-igure 4.2).
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Figure4.2 Calibration and sampling error.

(A) Average error of the accepted calibration in degrees of visual angle. The shaded part
indicates average accuracy stated by the manufacturerdQ.5legrees of visual angle). (B)
The number of calibration attempts before the calibration was acceptadh [participant

went through the calibration twice in each condition. (C) Distribution of the isgenple

5 Average error of the accepted calibration issmeed in degrees of visual angle.
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times grouped in 0.0001 s (0.1 ms) bins in the chinrest condition, (D) and iblemest
condition. Different colours represent different participta (N = 13). Left dashed line
indicates the expected intesample time based onthe eyie NI O1 SN & &l YLX Ay 3

and the right dashed line indicates the duration of two consecutive samples.

4.1.2.2.2 Sampling rate variability

As expected, the observed eage intersample time was 6.7 ms and the standard deviation
of the intersample time was 0.79 ms (robust descriptives: Mdn = 6.68 ms; MAD = 35.29
ms). Only 0.0003% of the inteample times were greater than the duration of two

consecutive samples (13.4)nDistribution of intersample time is shown iRigure 4.2.

4.1.2.2.3 Data loss

A Wilcoxon signedrank test was performed to compare whether the chinrest acluinrest
condition differed in the proportion of lost gaze across tasks, and no differences were
observed (MchinresT= .031, MvocHinresT= .029,W(12) = 43,p = .583). Additionally, the
guality of the accepted calibration prior to each combination of condition and task (Fixation
Saccade task chinrest condition; Fixatio$accade task no chinrest condion; pupil taski
chinrest condition; pupil taskno chinrest condition) did not correlate with the proportion of

| ost gaze {Kedcothash=l-D4p =228 sacc no_chinrest= .01,p=1;

trupiL_chinrest= .01,p = 1; teupi_no_chinrest= -.21,p = .331).

4.1.2.2.4 Accuracy

A visualisation of participants®d gaze positi
Fixation-Saccade task is providedkingure 4.3. No differences in global accuracy, defined

as the Euclidian distance of the actual gaze sample from the expected gaze position, were

found between conditions with and without the chinrest (Estimate < 0.01, SE £96:01,

164



CHAPTER 4. PHYSIOLOGICAL MECHANISMS

0.37,p=.710), while peripheral target locations had slightly better global accuracy in
comparison to the central position (Estimat®09, SE = 0.02,=-4.29,p < .01).However,
different accuracy profiles were observed when vertical and horizaatacies were

analysed separately. In the case of vertical accuracy, no differences were found between
conditions (Estimate = 0.02, SE = 0.01, t = 1.64, p =.102), while vertical error at the
peripheral target locations was lower than at the centradttergation (Estimate .19, SE
=0.03,t=6.79, p = <.001). In the case of horizontal accuracy, better accuracy was achieved
without the chinrest (Estimate-6.04, SE = 0.01, t =3.16, p <.01), and peripheral target
locations had worse horizonttcuracy in comparison to the central target location (Estimate
=0.16, SE =0.03, t = 4.95, p <.001). Descriptive statistics for vertical, horizontal, and global
accuracy for each condition and target location can be s&égune 4.3.

These results suggest that globally, the accuracy of theHBRS closer to the upper bound

of the expected ~ 0-%° values, although horizontal accuracy is consistently closero 0.5
Nonetheless, the range of accuracy values is similar to what has been reported in previous
evaluations of commercial eyeackers (Funke et al., 2016; Holmqvist, 203Yerall, the

GP3HD shows precision below 0.5°, which is also in line with whegp®rted using

similarly priced eydrackers and even some highd systems (Funke et al., 2016;

Holmgvist, 2017).
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Figure4.3 Eyetracker accuracy metrics.

(A) Estimated gaze locations at each target location (individual gaze samples plotted). (B)
Estimated gaze locations at each target dot location (mean fixation positions plotted). (C)
Vertical, (D) horizontal and (E) global accuracy in degrees of vigglalfaneach condition

(chinrest, nechinrest) and target dot location in the Fixati@accade task. The shaded part
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indicates average accuracy indicated by the manufacturerq@.8egrees of visual angle).
/| 2f 2dzZNBR R20Ga NXLINB an®ach itertafiorNdh targehldcitiohiwii@ thé O O dzNJ

black dot and error bars represent means and 95% Cls.

4.1.2.2.5 Precision

No differences were detected between central and peripheral target locations in any of the
precision metrics (Horizontal: Estimate = 0.01, SE®&L, t = 1.86, p = .069; Vertical:

Estimate < 0.01, SE < 0.01, t£.07, p = .288; Global: Estimate < 0.01, SE =0.01, t = 0.52,

p =.607), whereas the differences between chinrest andin@est conditions showed a less
consistent pattern. The fuhinrest condition yielded increased vertical precision (Estimate =
-0.01, SE <0.01, t =2.66, p <.01), whereas no differences were observed in horizontal
(Estimate < 0.01, SE <0.01, t =1.53, p =.126) and global precision (Estimate < 0.01, SE <

0.01, t =-0.80, p = .426).
4.1.2.2.6 Pupillary Light Reflex

The PLR was reliably detected in both the chinrest (Estimat8.55, SE = 0.26,=-74.50,
p <.001) and nechinrest conditions (Estimate-20.75, SE = 0.30,=-69.79,p < .001)- see
Figure 4.4-A andFigure 4.4-B). As expected, thellR effect is very large, accounting for

95% of the variance in both conditions.
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Figure4.4 PupillaryLight Reflexand saccade parameters

A-B: Pupillary light reflex in both chinrest and-cloinrest conditions. Darkoloured time

section (from5 to 0 s) and dark boxplot indicate pupil dilation during the black screen,
while lightcoloured time section (from 0 to 5 s) and light boxplot iatigcpupil constriction
during the white screen. Dashed line on graph A indicates the switching point from black to
white screen, while the dotted lines mark the baseline period used for calculating baseline
pupil size. €D: Main sequence of saccadic eyevaments (r =.288, p <.001; r =.420, p

<.001). Each coloured line represents a slope for each individual participant, while the black
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line represents the slope across participants. Jittered points presented in the background

represent individual saccade

4.1.2.2.7 Saccadometry

Descriptive statistics for different saccade metrics are provid&dbie 4.2. The
relationships between saccade amplitude, duration and peak velocity are visudliggd én

4.4-C and D.

Table4.2 Saccade metrics calculated using &3 data

. GP3HD .

Saccade index M(SD) Unit
Amplitude 8.87 (3.97) (Degrees of visual angle
Curvature 30.74 (12.94) (Degrees)

Duration 48.80 (25.03) (Milliseconds)

Gain 0.73(0.21) -

Latency 163.38 (369.75) (Milliseconds)
Mean velocity 315.83 (95.73) Degrees per second)
Peak velocity 756 (322.48) -

Starting error 3.56 (1.96) (Degrees of visual angle

Landing error 2.16 (2.28) -

As expected, since the majority of the saccades detected in the FQatioade task would

be classified as small using the guidelines of Gibaldi & Sabatini (2021), the relationship

between these metrics was approximately linear.

Finallyyparti ci pantds saccade trajectories from t
were examinedseeFigure 4.5). Individual saccade trajectories plotted-igure 4.5 are not

smooth, but appear broken and edgy, Whsca sign of undesampling Dalmaijer, 2014).

While clear identification of saccade events is possible, this suggests that tHDGH28

tracker is less suitable for saccadometry research.
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Figure4.5 Saccade trajectories from the central target to each peripheral target.

Each graph shows saccade trajectories of a different participant (N=13; pix = pixel).

In summary, accuracy measures are comparable to the range reported in the existing eye
trackingliterature for similar grade devices. In both ideal (chinrest) anddeal (ne

chinrest) conditionsoverall accuracy waat theupper limit or even higher than the values
stated by the manufacturer (1 degree of visual angle). While this degree of accuracy is
perfectly capable of capturing gaze behaviour reliably across most experimental tasks,
tracking targets smaller than thisarcould be problematic. While clear separation of
saccades and fixations is possible using the-BBP3study of the properties of saccade

kinematics is compromised by the l@amplingrate.
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