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Current understanding of autism 
Autism is a developmental condition characterised by social 

communication differences, intense special interests, repetitive 

behaviours, and unusual sensory experiences, including hypo- or hyper-

sensitivity to sensory stimuli (DSM-5, APA, 2013). The cognitive 

mechanisms underlying autism are still unknown. Although many theories 

have been proposed attempting to provide a mechanistic explanation of 

the core of the condition, these theories have not been borne out in 

empirical data. 

Around 1 in 100 individuals are autistic according to recent estimates, although there is 
little evidence from low-income countries, people of colour, and indigenous populations, 
and these inequalities are only just beginning to be addressed (Lord et al., 2020). 

Boys and men are more likely to be diagnosed with autism than girls and women, with 
estimates of the ratio ranging between 2:1 and 5:1, although there is evidence that girls 
and women are underdiagnosed. For example, studies testing participants directly find 
smaller gender differences than those that review health records (Lord et al., 2020), and 
studies that focus on individuals with more intellectual disability find no evidence of 
gender differences (Brugha et al., 2016). Furthermore, rates of autism in cisgender 
individuals are lower than rates of autism in those with other gender identities (Warrier 
et al., 2020), but the reason for this link is not yet clear. 

Autism is highly heritable when compared to other conditions, with heritability estimates 
from 40-90%, and with around 3% contribution from de novo gene mutations strongly 
predictive of later autism. However, high heterogeneity among individual genetic profiles 
indicates a lack of clear causal pathway from genes to phenotype (Lord et al., 2020). 
Environmental factors predictive of autism include neonatal hypoxia (Modabbernia et al., 
2016), pre-term birth (Schendel & Bhasin, 2008) and a short interval between 
pregnancies (Cheslack-Postava, Liu & Bearman, 2011), but the largest identified predictor 
is an older sibling with a diagnosis (Ozonoff et al., 2011; Szatmari et al., 2016). 

Autism is also highly clinically heterogeneous, and even monozygotic twins concordant 
for autism differ in their specific phenotype and co-occurring conditions (Folstein & 
Rutter, 1978). Individuals also differ in their presentation over time, with some 
individuals showing a decrease in difficulties in their daily lives as they get older, while 
others show an increase in difficulties (Bussu et al., 2019; Szatmari et al., 2015), and 
these difficulties are not necessarily linked to their assessed level of autism symptoms 
(Szatmari et al., 2015). 
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Existing theoretical accounts of autism have tended to emphasise 

just one cluster of symptoms and often fail to fully account for the other 

domains. For example, the Theory of Mind hypothesis (Baron-Cohen, Leslie 

& Frith, 1985) argues that the core of autism is that autistic individuals 

have difficulty understanding others’ beliefs. Enhanced Perceptual 

Functioning Theory (Mottron & Burack, 2001) and Weak Central Coherence 

Theory (Happé & Frith, 2006), by contrast, hypothesise that the core of 

autism is that autistic individuals have an advantage processing details but 

difficulty integrating details into the bigger picture. The Mirror Neuron 

Dysfunction Theory (Dapretto et al., 2006) states that autistic individuals 

understand others less well because they have less mirror neuron 

activation when they see others acting, while the Social Motivation 

Hypothesis (Chevallier, Kohls, Troiani, Brodkin & Schultz, 2012) posits that 

autistic individuals are less motivated by social stimuli and social 

interactions than non-autistic individuals. These many accounts tend to 

generalise poorly from the domain they are grounded in to explain further 

autistic characteristics, and researchers are still searching for a plausible 

core mechanism (for example, Crespi, 2021; Markram & Markram, 2010; 

Mullins, Fishell & Tsien, 2016; Murray, Lesser & Lawson, 2005). 

A useful mechanistic theory of autism should propose a biologically 

plausible mechanism, or mechanisms, underlying the symptoms and 

experiences of autistic people, which should be present before the 

presentation of clinical symptoms, as well as in those with sub-threshold 

symptoms. Since autism has until recently been widely understood as one 

condition, a parsimonious account would contain one mechanism 
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explaining all core symptoms and experiences of autistic people1. Since 

autistic individuals employ many compensatory strategies to cope with a 

world that can be less than autism-friendly (Johnson, Jones & Gliga, 2015; 

Livingston & Happé, 2017), and given that intervention programmes 

explicitly teach such strategies (Mottron, 2017; Nahmias, Pellecchia, 

Stahmer & Mandell, 2019; Vivanti et al., 2018), testing for this mechanism 

at an early age would give the clearest picture of autism, minimising the 

influence of these learnt strategies on observed behaviour and physiology. 

A complete account should ideally therefore be testable in very young 

children. Finally, some people have characteristics of autism without 

reaching the threshold for a clinical diagnosis, the so-called Broader Autism 

Phenotype (Ozonoff et al., 2014). The mechanism(s) underlying autism 

must therefore also exist on a continuum to accommodate these 

individuals. 

Predictive Processing accounts of autism 
Recently, proponents of Predictive Processing accounts of autism 

have made claims of an account which is indeed mechanistic, unifies all 

symptoms, is observable from birth and accounts for the continuity of the 

autism spectrum (Lawson, Rees, & Friston, 2014; Pellicano & Burr, 2012; 

van de Cruys et al., 2014). The central tenet is that autistic individuals differ 

 
1 It has more recently been proposed that autism may not be one condition but 
rather a group of co-occurring symptoms with different origins (Gallagher & Varga, 
2015; Happé & Frith, 2020; Happé, Ronald & Plomin, 2006; Lord et al., 2020). If this 
is in fact true then there may not be one mechanism common to all autistic people 
but rather a group of mechanisms that each lead to different outcomes. This 
would render the current method of searching for mechanisms through group 
comparisons much less effective and adaptations should be made to the research 
framework. 
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from non-autistic individuals in how they process incoming sensory 

information to form percepts, and that all autistic symptoms and 

experiences are consequences of these differences (Lawson, Rees, & 

Friston, 2014; Pellicano & Burr, 2012; van de Cruys et al., 2014).  

During perception, we are constantly using our expectations, which 

we have built based on our previous experience. This helps us to give 

context to incoming sensory information and to interpret the most likely 

cause of our sensations. For example, if we go for a walk in the evening, 

and see a large object at the side of the road, we use our knowledge of the 

local ecosystem to decide what the object is likely to be and what the 

appropriate reaction is. Often our expectations lead us to a decent 

estimate of what is going on. I might conclude that the object is a parked 

car or van, based on its size if I am walking in my residential 

neighbourhood, and I would most likely be correct. Sometimes, of course, 

our expectations are not correct: if someone had accidentally left the gate 

open at the zoo, I might actually encounter a much more unusual object, 

such as a sleeping elephant at the side of the road. The interesting thing 

about using our expectations in perception, though, is that if I so strongly 

expect the object to be a car or a van, I might actually perceive it as one of 

those (Brown & Friston, 2012; Clark, 2013), and never realise that the 

object I blithely strolled past was a drowsy pachyderm. This influence of 

our expectations on what we actually perceive means that our 

observations are not merely information extracted from the world, but are 

formed by us in a creative process influenced by our knowledge about the 

world. 
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Predictive Processing is a formal account of how these 

expectations and the incoming sensory information are combined to form 

percepts (Clark, 2013; Rao & Ballard, 1999). It posits that the brain is 

constantly predicting its environment and that all sensory input is 

processed as the difference between the predicted value and the observed 

value (Clark, 2013; Rao & Ballard, 1999). This difference is called a 

prediction error. As well as indicating how an observation was different 

from the prediction, the error signal also carries a precision weighting, 

which indicates how certain it is that this error is useful information that 

should lead to a change in predictions. If a prediction error has a high 

precision weighting, the observation indicates that the prediction is not 

serving its purpose and will be updated. This can happen when the 

prediction was based on incorrect assumptions, or when the environment 

has changed. If, however, an error has a low precision weighting, the 

environment is assumed to be unchanged and the prediction is kept as it 

was. Errors can have low precision weightings when the observation is 

consistent with random fluctuations in sensory input due to chance (Clark, 

2013) or when they are deemed to represent small details that are not 

relevant to the task at hand (Kwisthout, Bekkering & van Rooij, 2017).  

Figure 1 shows a schematic representation of Predictive 

Processing. On the left, there is a simplified network in the brain. The blue 

nodes indicate top-down predictions being fed to neurons lower in the 

cognitive hierarchy, while the red nodes indicate bottom-up prediction 

errors being fed to neurons higher in the hierarchy. The white nodes show 

precision modulating the prediction error signal at the red nodes, which is 

also influenced by a top-down connection, as knowledge about our 
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environment helps us to set the precision for a given observation. On the 

right are three potential scenarios which each depict one observation. In all 

three scenarios, the prior expectation, the prediction error and the 

resulting percept are shown as probability distributions. The centre of each 

probability distribution along the horizontal axis represents the estimate of 

the observed value, and the width of the distribution represents the 

uncertainty, with more narrow distributions having higher precision. The 

percept, shown in purple, is the observation resulting from the 

combination of the blue prior expectation and the red prediction error, and 

is always a more precise estimate than either of the two sources alone due 

to Bayesian integration. 

 In the topmost scenario, the precision weighting on the prior 

expectation and the precision of the prediction error are both moderate. 

This leads to the observer experiencing a percept that is influenced by both 

their expectation and their sensory input to a similar extent, and is a 

common scenario in our everyday lives. In the middle scenario, the prior 

expectation is weighted much more highly than the prediction error, which 

may be the case on a foggy day or at a loud concert, when our senses are 

less reliable. This highly-weighted prior expectation exerts a large influence 

on the percept, so the resulting observation is much closer to the 

expectation than to the actual input. For this reason, on a foggy day we 

may perceive that elephant standing at the side of the road as if it were a 

parked van, because our expectations influence our perception more 

strongly, and our expectations are based on what we have experienced 

before in similar situations. In the bottom scenario, the reverse is true, 

with the prediction error weighted much more highly than the prior  
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Figure 1: Predictive Processing Schematic 
Adapted from Prosser, Friston, Bakker & Parr (2018), published under a CC-BY 4.0 license giving permission for 
unrestricted use, distribution and reproduction provided the original work is cited. 
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expectation. This may be the case when we are in an environment where 

the rules seem to be different from what we have experienced before. The 

percept is more influenced by the incoming sensory input, and the 

resulting observation will be more veridical. This may happen once I found 

out that the zoo is having some security issues, and it’s all of a sudden very 

reasonable to see an elephant parked at the side of the road. In such a 

situation, our experiences from previous walks in our neighbourhood are 

less likely to improve our observations, and we should use them less. 

However, the new experiences we are gaining when we see these parked 

elephants may well help us improve our observations, especially if the zoo 

continues to have security breaches, so the high precision weighting on the 

prediction error leads to an updated prediction based on the new 

information. 

The theories of Predictive Processing in autism posit that autistic 

individuals differ from non-autistic individuals in how they adjust the 

parameters of this system. One account claims that autistic individuals 

have lower precision of their expectations (Pellicano & Burr, 2012) while 

others claim that they assign different precision to their prediction errors 

(Lawson, Rees, & Friston, 2014; van de Cruys et al., 2014) than non-autistic 

individuals.2 These accounts posit that this difference in processing 

incoming sensory information leads to persistent differences across 

 
2 There is currently more support for the theories based on prediction-error 
precision (Lawson, Rees, & Friston, 2014; van de Cruys et al., 2014) than for the 
idea that autistic individuals have weaker predictions (Pellicano & Burr, 2012), so 
in this thesis I focus on prediction error precision. I therefore refer to my work as 
testing Predictive Processing accounts of autism, plural, with prediction-error 
precision as the key principle of interest. 
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multiple cognitive domains, and cascades up the cognitive hierarchy 

producing larger differences in higher-level cognition and behaviour. 

For example, van de Cruys and colleagues (2014; 2016) claim that 

autistic individuals set high precision on prediction errors, as in the bottom 

scenario of Figure 1. If this were true, autistic individuals would be 

explicitly coding that their incoming sensory information indicates 

important changes in the environment, and their expectations should be 

frequently updated. Familiar experiences would therefore feel more novel 

to autistic individuals, as the similarity to what has come before will be less 

obvious. This could lead to autistic individuals being more interested in 

doing the same activity for longer than non-autistic individuals, perhaps 

evident in the strong interests autistic people can have in a specific hobby 

or the way that some autistic children play with toys in a repetitive manner 

(van de Cruys et al., 2014). All occurrences feeling more novel could also 

lead to the experience that the world is very unpredictable and this could 

in turn give rise to hypersensitivity in autistic individuals, for example 

finding certain sounds or lights uncomfortable (van de Cruys, Perrykkad & 

Hohwy, 2019). Although the mechanism underlying this account of autism 

is a basic neural and cognitive one, authors of the theoretical accounts 

claim that the complexity and unpredictability of social interactions leads 

to these being the most noticeably affected (Lawson, Rees, & Friston, 2014; 

Pellicano & Burr, 2012; van de Cruys et al., 2014).  

Empirical tests of Predictive Processing accounts of autism 
The first steps in testing these theories are now being made, but 

little consensus can be drawn from the results. Some work has shown that 

autistic individuals do seem to assign precision similarly to non-autistic 
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individuals in certain tasks, challenging the Predictive Processing 

framework. For example, when adult participants were shown ambiguous 

images and were then provided disambiguating information in order to 

later identify the subject of the images, autistic and non-autistic 

participants used this disambiguating knowledge to a similar extent (van de 

Cruys et al., 2018); autistic and non-autistic children responded similarly to 

volatile cue-reward couplings in a reward learning task (Manning, Kilner, 

Neil, Karaminis & Pellicano, 2017); autistic and non-autistic adolescents 

showed similar brain responses to repeated stimuli in a statistical learning 

task (Utzerath, Schmits, Buitelaar & de Lange, 2018); autistic and non-

autistic children both showed a central tendency effect when reproducing 

temporal intervals (Karaminis et al., 2016); and autistic and non-autistic 

children were similarly unable to ignore global information in order to 

discriminate local details in a hierarchical letter task (van der Hallen, 

Vanmarcke, Noens & Wagemans, 2017). 

However, others find support for autistic individuals assigning 

higher precision to their prediction errors and adjusting their expectations 

more readily. For example, autistic participants integrated information 

from two sensory modalities even when one was purely noise and could be 

ignored (Zaidel, Goin-Kochel & Angelaki, 2015); autistic children treated 

stimuli as more informative than non-autistic children during motion 

coherence tasks (Manning, Tibber, Charman, Dakin & Pellicano, 2015; 

Manning, Tibber & Dakin, 2017); autistic children retroactively reported the 

mean or a member of a set in an ensemble coding task more easily than 

non-autistic children when the conditions required increased sampling of 

the stimulus (van der Hallen, Lemmens, Steyaert, Noens & Wagemans, 
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2017b); and autistic participants showed faster learning rates than non-

autistic participants in a reward learning task, indicative of over-adjusting 

strategy to probabilistic cues (Crawley et al., 2019). These latter results 

suggest that autistic participants may assign higher precision to their 

prediction errors than their non-autistic peers, but with such contradictory 

findings, it is important to conduct further studies with sufficient power to 

detect reasonable effects and statistical techniques that allow us to draw 

conclusions. Furthermore, no work has been done to test these accounts in 

very young children, when differences between groups would be most 

helpful in understanding core mechanisms, before participants have 

constructed compensatory strategies. 

Early development of autism 
Although it has received more attention in recent years, autism is 

not currently reliably diagnosed until around 3 years of age (Charman & 

Baird, 2002) and the average age of diagnosis is even older, often 

coinciding with the child starting school (Mandell, Novak & Zubritsky, 2010; 

Szatmari et al., 2016). Previous theories of autism have often been tested 

through empirical and clinical research with older children and adults with 

autism, but we know that autistic individuals develop compensatory 

strategies, alone or through guided interventions, to deal with a world that 

can be difficult for them to cope with. These compensatory strategies lead 

to differences in experiences and cognitive patterns that are secondary to 

autism itself (Johnson, Jones & Gliga, 2015; Livingston & Happé, 2017). 

Research into the mechanisms underlying autism with older participants 

therefore runs the risk of conflating mechanisms underlying autism with 
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consequences of such compensatory strategies, and it would be almost 

impossible to tease those apart. 

One reason that previous theories of autism have been tested in 

older participants is that the tests themselves rely on skills which emerge 

later in life. For example, the Theory of Mind hypothesis posits that autistic 

people find it harder to put themselves in someone else’s shoes than non-

autistic people (Baron-Cohen, Leslie & Frith, 1985), but theory of mind is a 

skill that takes a long time to learn, and generally starts to develop in non-

autistic children around the age of four (Wimmer & Perner, 1983). It is 

therefore both important to test theories of autism in young children to 

avoid accidentally picking up compensatory strategies, and challenging to 

develop suitable tests for theories based on high-level cognitive skills. The 

difference between information processing by autistic and non-autistic 

individuals as described in Predictive Processing theories, however, is so 

fundamental that we believe it should also be detectable much earlier than 

clinicians can currently diagnose autism.  

Longitudinal prospective designs are one crucial tool we can use to 

test our theoretical predictions in younger children. These designs take 

advantage of the fact that younger siblings of autistic children (henceforth 

high-likelihood siblings) have around 20% chance of going on to receive a 

diagnosis themselves at the age of three, in comparison with 1% of the 

younger siblings of non-autistic children (henceforth low-likelihood siblings; 

Ozonoff et al., 2011; Szatmari et al., 2016). A further 30% of high-likelihood 

siblings who do not receive an autism diagnosis are expected to display the 

Broader Autism Phenotype: they will experience some symptoms of autism 

but will not be affected enough to warrant an autism diagnosis (Ozonoff et 
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al., 2014). These younger siblings visit the lab often throughout early 

childhood, and participate in intensive data collection. In this way, 

researchers can thoroughly describe the trajectory of younger siblings’ 

development, using eye-tracking, neuroimaging such as fNIRS and EEG, 

standardised developmental assessments, diagnostic tests and parent 

questionnaires and interviews (Bölte et al., 2013; Jones et al., 2019; Loth et 

al., 2017). High-density data collection allows for the characterisation of 

what is known as a deep phenotype: very detailed information about many 

aspects of the participants’ development, which means that precise 

diagnoses and prognoses can be made, and large samples hopefully mean 

that the diversity of autistic individuals and families are represented in this 

data. 

Another important advantage of studying autism in younger 

siblings is that we know that autism is a spectrum, and diagnostic 

approaches are moving away from a binary autism/non-autism view to 

recognising many autisms (Happé & Frith, 2020). With 20% of these siblings 

expected to receive a diagnosis themselves and 30% expected to display 

the Broader Autism Phenotype, the high-likelihood group represents a 

range of autism presentations. This range must be explainable by any 

theory that claims to provide a mechanistic account of autism. It is not 

plausible that a cognitive mechanism that causes autism would have a 

distinct cut-off, with autistic individuals on one side of the cut-off and non-

autistic individuals on the other. Such a mechanism must be graded and 

vary parametrically in the population, allowing for a spectrum that aligns 

with the varied autism phenotype we observe. While this variation in the 

high-likelihood group will likely lead to smaller group differences than 
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would be expected when comparing groups with and without an autism 

diagnosis, Predictive Processing accounts must be able to account for this 

variation in order to be useful theories of autism. These longitudinal 

prospective designs allow for three main contrasts: comparing high- to low-

likelihood siblings; comparing high-likelihood siblings who do receive a 

later autism diagnosis to low-likelihood siblings; and comparing high-

likelihood siblings who do receive a later autism diagnosis to high-

likelihood siblings who do not receive a later autism diagnosis. This thesis 

focuses on the former, which has the advantage of larger samples but the 

potential disadvantage of pooling participants who differ in their autism 

status. 

In light of the heterogeneity within the high-likelihood group, it is 

important to confirm findings in older autistic and non-autistic participants. 

This provides the opportunity to test the theory in more clearly divided 

groups, as well as giving us the chance to examine the same task across 

development. Since autism is a developmental condition and previous 

findings have shown, for example differences between autistic and non-

autistic children but no differences between autistic and non-autistic adults 

(to take adaptation as an example, see reduced adaptation in autistic 

children, e.g. Rhodes, Ewing, Jeffery, Avard, & Taylor, 2014; Ewing, 

Pellicano, & Rhodes, 2013; Pellicano et al., 2013; Turi et al., 2015; and 

equivalent adaptation in autistic and non-autistic adults, e.g. Cook, Brewer, 

Shah & Bird, 2014; Pell et al., 2016). Predictive Processing accounts of 

autism do not, as yet, account for developmental change, but it is clear 

that differences between autistic and non-autistic people change over 
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time. Characterising prediction error precision on the same task in multiple 

age groups is a first step towards building a developmental account. 

The current thesis 
In this thesis, I therefore designed experiments to detect 

differences in the precision of prediction errors using brain activity, eye 

movements, and behaviour, in both a longitudinal prospective study 

sample of young children and in cross-sectional studies with adolescents 

with and without autism. In Chapters 2 and 3, I tested a simple increased 

precision weighting of all prediction errors in autism, which would lead to 

autistic participants’ perception being less influenced by their cumulative 

sensory experience. In Chapters 4, 5 and 6, I adopted experimental 

conditions with more uncertainty, since a fixed high precision of prediction 

errors should be more pronounced in uncertain environmental conditions. 

This is because an uncertain environment should encourage more reliance 

on expectations and lower precision of prediction errors in non-autistic 

individuals, emphasising the difference between observers who assign 

fixed high precision to their prediction errors. In Chapter 6, I propose an 

extension of the experiment in Chapter 5 to examine Predictive Processing 

in young infants with no family history of autism. 

In Chapter 2, I tested whether high-likelihood children seemed to 

assign higher precision to their prediction errors than low-likelihood 

children using adaptation. Adaptation is a perceptual process in which 

stimuli evoke weaker responses after prolonged exposure, leading to 

relatively stronger encoding of novel features (Jenkins et al., 2006). For 

example, after seeing a stream of images of people with an extreme left 

gaze direction, the gaze direction in a later image is perceived as “less left” 
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than the gaze direction of the identical image when it was seen before the 

extended exposure to left gaze. This change is referred to as an adaptation 

after-effect, which I see as a proxy for how much relative precision 

participants assigned to their expectations and prediction errors. Eliciting 

an adaptation after-effect relies on the build-up of evidence that the 

environment has changed, that is, that in this experimental mini-universe, 

people consistently look to the left. The prediction error caused by this 

incoming information must be assigned enough precision to update the 

prediction about the distribution of gaze directions in this mini-universe. 

However, if autistic participants assign too high a precision to their 

prediction errors, they would notice the differences between each example 

of people looking left, and be less likely to group these exemplars together 

as representative of people in this mini-universe. Adaptation has indeed 

been shown to invoke less strong after-effects in children with autism than 

their peers without autism (Rhodes, Ewing, Jeffery, Avard, & Taylor, 2014; 

Ewing, Pellicano, & Rhodes, 2013; Pellicano et al., 2013; Turi et al., 2015), 

although some studies have found no difference between groups 

(Karaminis et al., 2015; Ewing et al., 2013). I asked in Chapter 2 whether we 

could see evidence of this in the neural processing of gaze direction in 

young children with a high likelihood of receiving an autism diagnosis, 

using EEG. This method requires no explicit response from the participants 

and is therefore suitable for young children and those who are less verbal, 

or less able to follow instructions. 

I do recognise that because I test high-likelihood and low-likelihood 

siblings, I may observe a weaker effect than studies with autistic 

participants. To test whether our adaptation paradigm was sensitive 
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enough to detect an effect in individuals with an autism diagnosis, we 

repeated this experiment in Chapter 3 with autistic and non-autistic 

adolescents. The adolescents saw the same stimuli as the two-year-olds 

from Chapter 2, but as well as examining the neural responses, we also 

asked them to respond with button presses so that we could estimate how 

much they reported adjusted perception in addition to any adjustment in 

brain activity we observed. 

We found that the autistic adolescents did perceive a shift in their 

perception as a result of the adaptation, as did the non-autistic 

adolescents, and the groups did not differ in their brain activity during the 

task. Neither group showed a specific adaptation effect in the brain 

activity, consistent with the results from the young children in Chapter 2. In 

combination, the results from the adolescents in Chapter 3 and the two-

year-olds in Chapter 2 suggest that adaptation to eye gaze is very difficult 

to measure in the brain activity, and that there does not appear to be an 

effect of autism or high-likelihood for autism.  

In Chapter 4, we showed the same adolescents videos of someone 

performing everyday actions in order to assess whether autistic 

adolescents made predictions in the same way as non-autistic adolescents. 

Non-autistic adults activate their motor cortex when performing an action 

but also when observing another person perform that action (Kilner et al., 

2004; 2007; Monroy, Meyer, Schröer, Gerson & Hunnius, 2019; Schubotz, 

2007), and some previous research suggested that this activation may be 

less in autistic individuals (Bernier, Dawson, Webb & Murias, 2007; Enticott 

et al., 2012; Oberman et al., 2005; Oberman et al., 2013), though the 

evidence was mixed (Oberman et al., 2008; Avikainen, Kulomӓki & Hari, 
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1999; Fan, Decety, Yang, Liu, & Cheng, 2010; see Southgate & Hamilton, 

2008). We hypothesised that autistic participants might activate their 

motor cortices to the same extent as non-autistic participants when the 

upcoming action was unambiguous, but that the groups may differ when 

there were multiple possible actions. We therefore used actions that 

contain multiple steps, such that the actions become more predictable 

over time. 

We expected that if uncertainty was the key dividing factor 

between the groups, that the autistic participants may activate their motor 

cortices less than non-autistic participants during the first action steps but 

that the groups would no longer differ by the final step. We measured 

participants’ motor cortex activity as well as their eye movements to see 

how they were forming predictions during the task. The groups did not 

differ from each other, contrary to the uncertainty hypothesis, and these 

results are also incompatible with some other theories of autism (Williams 

et al., 2001; Perkins et al., 2010). The autistic adolescents we tested in 

Chapter 4 showed that they use their prior knowledge in interpreting 

sensory information, contrary to the earliest proposed Predictive 

Processing accounts of autism, perhaps because the context was familiar 

and there was little consequence of low-level prediction errors. 

To test whether the groups differed when there was indeed a 

consequence of low-level prediction errors, we examined how high- and 

low-likelihood children learn in a situation when high fixed precision of 

prediction errors, or overly detailed expectations, would make their task 

harder. In Chapter 5, we used an implicit learning paradigm to see whether 

high- and low-likelihood children are differentially affected by unexpected 
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randomness in visual information. In implicit learning paradigms, children 

learn a sequence without being aware of it, which is shown by faster 

reaction times to predictable events after more repetitions. We designed a 

new implicit learning touchscreen task with two kinds of patterns: one that 

was predictable and the same every time it was repeated, and one that 

was predictable but contained small irrelevant changes each time it was 

repeated. These irrelevant changes should elicit prediction errors, but only 

influence performance if those prediction errors are assigned a high 

precision and therefore used to update expectations. We did not 

hypothesise differences in implicit learning when the pattern was entirely 

predictable (Brown et al., 2010; Mayo & Eigsti, 2012, although see Gidley 

Larson & Mostofsky, 2008), but in the pattern that had small irrelevant 

changes, children who assign higher precision to those prediction errors 

would find it much harder to learn the pattern. There have been very few 

experiments testing this prediction, but findings generally do support this 

claim (e.g., Manning et al., 2015; Manning, Tibber & Dakin, 2017; van der 

Hallen et al., 2017). 

We did not find any evidence in Chapter 5 that the high-likelihood 

children learnt more slowly when there were small irrelevant changes in 

the pattern. This suggests that high-likelihood and low-likelihood children 

were equally inefficient at using information that contains small irrelevant 

changes. 

In order to better understand the unexpected pattern of responses 

in Chapter 5, in Chapter 6 we propose a very similar study with typically-

developing babies. These babies will watch the stimuli on an eye-tracker 

instead of playing on a touchscreen, and will see similar patterns with and 
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without irrelevant changes. We expect that the infants will look more 

quickly to the location of the stimulus as the pattern is repeated, and that 

they will learn the pattern fastest when there are a moderate amount of 

irrelevant changes in the stimulus. This paper is a Registered Report, which 

means that it has been accepted by the journal before data collection 

begins, and we will collect the data later this year. These results will help us 

to understand how infants direct their attention to the most informative 

parts of their environment, and if uncertainty is one of the cues they use in 

order to guide their attention and help them learn. 
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Abstract 

 
Predictive Processing accounts of autism posit that individuals with 

autism rely less on expectations than those without autism when it 

comes to interpreting incoming sensory information. Since these 

expectations are claimed to underlie all information processing, we 

reason that any differences in how they are formed or adjusted should 

be persistent across multiple cognitive domains and detectable much 

earlier than clinicians can currently diagnose autism, around 3 years of 

age. 

This experiment is part of a longitudinal prospective study of young 

children with increased familial likelihood of autism. Around 20% of 

these children will receive an autism diagnosis themselves, compared to 

1% of the general population. The current EEG study used an adaptation 

paradigm to investigate whether a reduced effect of expectations is 

already present in high-risk 2-year-olds, before autism can reliably be 

diagnosed. While we did not observe the adaptation after-effect we 

expected, high-likelihood children habituated more than low-likelihood 

children and the two groups did not differ in their overall responses to 

the manipulation, contrary to our hypotheses and previous findings. 
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No Evidence for Neural Markers of Gaze Direction Adaptation in 2-Year-

Olds with High or Low Likelihood of Autism 

 

Autism is a developmental condition characterised by social 

communication differences, repetitive behaviours and unusual sensory 

interests, including hypo- or hyper-sensitivity to sensory stimuli (DSM-V, 

APA, 2013). Sensory processing difficulties are present for the great 

majority of children with autism (Baranek, David, Poe, Stone, & Watson, 

2006; Tomchek & Dunn, 2007). These symptoms are specific to autism, 

but previous theories of the underlying causes of autism did not provide 

a convincing mechanism that should produce this specific cluster of 

symptoms. 

While previous work has produced attempts at an explanatory 

mechanism of autism – among others, the Theory of Mind deficit 

hypothesis (Baron-Cohen, Leslie, & Frith, 1985), the Weak Central 

Coherence theory (Happé & Frith, 2006) and the Enhanced Perceptual 

Functioning theory (Mottron & Burack, 2001) – these accounts tend to 

explain one cluster of symptoms and fail to account for the other 

domains. More recently, proponents of Predictive Processing accounts 

of autism have made claims of a truly unifying account (Lawson, Rees, & 

Friston, 2014; Pellicano & Burr, 2012; van de Cruys et al., 2014). This 

framework is based on the Bayesian brain hypothesis and claims that all 

information processing is based on generative models which consist of a 

probabilistic combination of prior expectations and incoming sensory 

input, to compute prediction errors (Clark, 2013). 

Predictive Processing accounts of autism posit that autistic 
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individuals rely less on expectations than those without autism when it 

comes to interpreting incoming sensory information (Lawson, Rees, & 

Friston, 2014; Pellicano & Burr, 2012; van de Cruys et al., 2014). They 

claim that this leads to persistent differences across multiple cognitive 

domains and cascading consequences leading to larger differences in 

higher-level cognition and behaviour. Authors of the theoretical accounts 

claim that the complexity and unpredictability of social interactions leads 

to these being the most noticeably affected domain (Lawson, Rees, & 

Friston, 2014; Pellicano & Burr, 2012; van de Cruys et al., 2014). This 

difference is proposed to originate from those with autism having an 

altered mechanism for adjusting expectations (Lawson, Rees & Friston, 

2014), weaker expectations overall (Pellicano & Burr, 2012), or from a 

tendency to over-adjust expectations in response to even slight 

violations (van de Cruys et al., 2014), however there are very few 

bespoke empirical studies testing these claims. The first steps in testing 

these theories are now being made (e.g. Manning, Kilner, Neil, 

Karaminis & Pellicano, 2017; Manning, Tibber, Charman, Dakin & 

Pellicano, 2015; Manning, Tibber & Dakin, 2017; van de Cruys, 

Vanmarcke, van de Put & Wagemans, 2018; van der Hallen, Lemmens, 

Steyaert, Noens & Wagemans, 2017). So far, this work has shown that 

autistic individuals do update their expectations similarly to non-autistic 

individuals in certain tasks, challenging the Predictive Processing 

framework (e.g. Manning et al., 2017; van der Hallen et al., 2017), but 

not in others, with some findings (e.g. Manning et al., 2015; Manning, 

Tibber & Dakin, 2017; van der Hallen et al., 2017) compatible with 

accounts claiming that autistic individuals adjust their expectations 
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more readily (van de Cruys et al., 2014). More work to understand the 

particular ways in which autistic individuals do and do not differ from 

typically-developing peers on tasks designed specifically to test these 

theories is crucial for future refinement, or refutation, of the theories. 

The difference between information processing by autistic and 

non-autistic individuals is claimed to be so fundamental that we believe 

it should also be detectable much earlier than clinicians can currently 

diagnose autism (around 3 years of age; Charman & Baird, 2002). 

Therefore, in this study, we attempted to evaluate the Predictive 

Processing accounts of autism early in development. We used a 

longitudinal prospective design, in which participants with an older 

sibling with an autism diagnosis (high-likelihood siblings) and control 

participants with an older sibling without autism (low-likelihood siblings) 

are followed throughout their first three years. Around 20% of high-

likelihood siblings go on to receive a diagnosis themselves at the age of 

three, in comparison with 1% of the general population (Ozonoff et al., 

2011). A further 30% of high-likelihood siblings who do not receive an 

autism diagnosis are expected to display the Broader Autism Phenotype: 

they will experience some symptoms of autism but will not be affected 

enough to warrant an autism diagnosis (Ozonoff et al., 2014). Because 

autism cannot generally be diagnosed before age 3, these younger 

siblings at high likelihood provide us with a way to study the early 

development of the disorder, as well as an insight into the Broader 

Autism Phenotype characteristics. 

To test whether young children with an increased chance of an 

autism diagnosis indeed show differences in Predictive Processing, the 
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current study employs an adaptation paradigm (Jenkins et al., 2006; 

Pellicano, Rhodes, & Calder, 2013). In such paradigms, the participants‘ 

perception is biased systematically due to the distribution underlying 

the stimuli they observe. Participants show reduced responses to 

certain stimuli based on their experience with this distribution, leading 

to an adaptation after-effect. The size of this after-effect provides an 

index of how strongly a participant’s expectations are influenced by 

biasing stimuli, and serves as a proxy for how flexibly participants 

change their expectations when given new information. As such, this 

paradigm is a useful test of predictions of the Predictive Processing 

accounts of autism. 

The paradigm has been used extensively to show that in certain 

circumstances, children with autism experience less of a shift in 

perception based on their cumulative experience than their typically-

developing peers. In the face domain, adaptation after-effects have 

been shown to be smaller in magnitude for 8- to 16-year-old autistic 

children than they are for typically-developing children, with 

experiments targeting face identity (Rhodes, Ewing, Jeffery, Avard, & 

Taylor, 2014), facial distortion (Ewing, Pellicano, & Rhodes, 2013), and 

gaze direction (Pellicano et al., 2013). Autistic children also show smaller 

after-effects than typically-developing children in a numerosity 

judgement task (Turi et al., 2015) but not in a causal-motion task 

(Karaminis et al., 2015), or a task with distorted car and upside-down 

face stimuli (Ewing, Pellicano, & Rhodes, 2013). 

A finding of reduced adaptation is compatible with the 

Predictive Processing accounts mentioned above. Pellicano and Burr 
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(2012) claim that autistic individuals have weaker priors, so their 

perception is less biased by previously accumulated experiences, which 

would lead to smaller adaptation after-effects. Van de Cruys and 

colleagues (2014) claim that autistic individuals update their 

expectations in response to every change in the environment, so their 

perception is heavily biased by their recent experiences but this bias 

would on average be less strong during the presentation of randomised 

stimuli. The fact that the findings are in fact mixed, and that for some 

stimulus types the participants with and without autism seem not to 

differ in the size of their adaptation after-effects, currently forms a 

challenge for the theories. 

In a clear case of reduced adaptation in autistic individuals, 

Pellicano and colleagues (2013) used a gaze direction adaptation task in 

young children and adolescents with and without autism. The children 

were familiarised with multiple gaze directions in the first, pre-

adaptation block, and asked to respond with a button press, 

categorising the gaze direction as left, right or straight. They were then 

adapted to one extreme gaze direction in the second, adaptation block. 

In the final block, post- adaptation, the children again had to categorise 

the gaze direction of the stimuli. While the typically- developing children 

were biased away from the adaptor stimuli, by perceiving gaze in the 

final post- adaptation phase as less like the direction they had been 

adapted to, children with autism were less biased and perceived the 

gaze more closely to its true direction. 

In order to study whether this after-effect is diminished already 

in toddlers with increased chance of autism compared to low-likelihood 
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children, we used adaptation to gaze-direction (Jenkins et al., 2006; 

Pellicano et al., 2013) in an EEG study with no behavioural response 

required. This allows the paradigm to be used not only with younger 

children but also with children who could have trouble understanding 

task instructions or remembering to respond with button presses. 

In typical adults, the neural response to a visual stimulus is 

suppressed when that stimulus is highly expected (Manahova, Mostert, 

Kok, Schoffelen, & De Lange, 2018). We therefore expected that if 

adaptation after-effects are induced, the stimuli with the same gaze 

direction as the adaptor stimuli would evoke a diminished neural 

response from the young children during post-adaptation than the 

stimuli with the opposite gaze direction. Our hypothesis was that the 

high-likelihood children would show less adaptation, that is, less of a 

difference between their responses to the adapted and unadapted gaze 

directions, than the low-likelihood children. We focused on the amplitude 

of the N290 and P400 ERP components, as these are related to face-

processing in young children, and they together later form the adult 

N170 face-specific component (de Haan, 2013). The P400 has also been 

shown to be modulated by gaze direction, for example in work by 

Elsabbagh and colleagues (Elsabbagh et al., 2009; Elsabbagh et al., 2012). 

We expected to see a reduction in the amplitude of the N290 

and P400 components from block 1 (pre-adaptation) to block 3 (post-

adaptation). We hypothesised that this reduction in amplitude would be 

greater for stimuli showing the adapted gaze direction than for the 

unadapted gaze direction, as adaptation is a specific form of repetition 

suppression. We further expected this reduction to be greater in the low-
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likelihood group than in the high-likelihood group, as the cumulative 

recent sensory experience was expected to influence perception less in 

the high-likelihood group. 

We also tested for a habituation effect. We expected to see 

habituation, as indexed by smaller ERP responses during block 3 

compared to block 1, in all participants, but we expected the high- 

likelihood group to habituate less than the low-likelihood group based 

on previous work showing slower habituation to faces in children with 

autism and high-likelihood siblings (Jones et al., 2016; Webb et al., 

2010). This prediction is also in line with Predictive Processing accounts 

of autism, which say that each new percept is more novel for autistic 

observers, as it is influenced less by the observer’s cumulative previous 

experience, either because the expectations are less strong or because 

each new experience is processed with high prediction error. 

Method 
 

Participants 
In total, sixty-two 2-year-olds took part in the study: 36 high-

likelihood siblings and 26 low- likelihood siblings. Of the 62 tested, 56 

children, 32 high-likelihood and 24 low-likelihood, contributed data to 

the analysis. The high-likelihood children all had an older sibling with an 

autism diagnosis, and the low-likelihood children all had an older 

typically-developing sibling. Infants were part of the low- likelihood 

group only if they had no first-degree relatives with autism and no 

family history of psychiatric or genetic disorders. Parents reported no 

visual impairments for any of the participants. 

The groups did not differ in age (t(52.04) =-1.31, p = .20) but the 
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high-likelihood group had lower developmental level as measured by 

the Mullen Scales of Early Learning composite score (t(51.75) = -4.64, p 

= .00002) and more autism symptoms as measured by their Autism 

Diagnostic Observation Scale (ADOS-2; Lord et al., 2012; Lord, Luyster, 

Gotham & Guthrie, 2012) comparison scores (t(43.74) = 3.12, p = .003; 

see Table 1). Due to violation of the assumption of equal variance, 

degrees of freedom have been adjusted using the Welch approximation. 

 
 

Table 1 

Participant characteristics 

 

 N Age in days Mullen ADOS-2 CSa 

High-likelihood 32 785.31 (79.90) 87.48 (18.52) 3.16(2.17) 

Low-likelihood 24 812.04 (72.30) 106.71 (12.14) 1.82(0.89) 

Total 56 796.77 (77.22) 95.87 (18.60) 2.60 (1.86) 

a ADOS Comparison Scores, which allow for comparison of scores from 

different modules. Conversion tables for module 2 scores can be found in 

Gotham and colleagues (2009), and for toddler module scores in Esler and 

colleagues (2015). 

 
This study was part of a large multisite longitudinal prospective 

study, and was approved by the medical ethics committee (Commissie 

Mensgebonden Onderzoek Arnhem-Nijmegen, protocol 

NL42726.091.13). Recruitment was done via the Baby and Child Research 

Center participant database and through Karakter, a child and youth 

psychiatry clinic. Participants received a reimbursement of their travel 

costs and €50 per lab visit as a thank you for taking part. 



45 

Materials 

Stimuli. Stimuli were a subset of those used by Jenkins and 

colleagues (2006) and Pellicano and colleagues (2013), with some 

adjustments to make them more child-friendly; the fixation cross was 

replaced with a coloured beach ball, and all task instructions were 

removed (see Figure 1 for schematic). Short 3- to 6-second attention-

getter videos could be triggered by the experimenter on demand by a 

key-press. The first block of the experiment, pre-adaptation, consisted 

of 36 images: 12 actors with 3 gaze directions each; 0 degrees (straight 

ahead), 5 degrees left and 5 degrees right. The second block, 

adaptation, consisted of 12 images, one of each actor, with an extreme 

gaze direction of 25 degrees. Adaptor images were all looking in the 

same direction, and each participant was adapted to either left or right 

gaze, assigned randomly. The third block, post-adaptation, again 

consisted of 36 trials, with the same images as shown in pre-adaptation. 

In this block, however, each image was preceded by a top-up adaptor 

from the adaptation set. 

Images showing gaze directions of 0 and 5 degrees were 16cm 

by 9.9cm. Adaptor images, showing the 25 degree gaze angle, were 

21.4cm by 13.3cm. The two image types were displayed at different 

sizes to avoid retinotopic adaptation, as in the previous studies (Jenkins 

et al., 2006; Pellicano et al., 2013). The fixation beach ball had a 

diameter of 3.6cm. 
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Figure 1. Schematic showing one example trial for each block. Block 1 
consists of 36 trials, block 2 of 12 trials and block 3 of 36 trials. 

 
 

Apparatus. Electroencephalography (EEG) was recorded from 

32 AgCl active electrodes in a child-sized EEG cap (ActiCap, Brain 

Products, Munich, Germany) using BrainVision Recorder, via a BrainAmp 
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BrainVision Products amplifier. EEG was recorded continuously, with an 

online reference at FCz, at a sampling frequency of 500Hz and with a 

band-pass filter (0.1–125 Hz). We also measured eye-movements from 

all participants for whom we could achieve a successful calibration (N = 

36; 18 high-likelihood and 18 low-likelihood children) with an Eyelink 

1000+ eye-tracker at a sampling frequency of 500Hz. Stimuli were 

presented with Matlab (versions 2011a and 2013a; MathWorks) 

together with Psychtoolbox (versions 3.0.9 and 3.1.0; Brainard, 1997; 

Kleiner et al., 2007) and Eyelink Toolbox (Cornelissen, Peters & Palmer, 

2002) on a 24” Benq XL2420T LCD monitor. 

Procedure 

Participants were fitted with the EEG cap during a play session, 

which had been prepared with the electrodes already placed in the rings 

and a small amount of conductive gel applied to each electrode. This 

reduces the time the child has to wait with the cap on their head before 

testing can begin. We added more gel to each electrode until 

impedances were below 20 kOhm or the child no longer tolerated the 

procedure. 

The child and their parent or caregiver were then seated in a 

shielded testing booth. Parents decided whether the child would be 

more calm and attentive sitting on their lap or in a highchair. The screen 

and chair were adjusted so that the child’s eyes were approximately 

60cm from the screen. 

Due to the embedding in the longitudinal multisite study (Loth 

et al., 2017), some children saw videos before and/or after the current 

study, but this did not differ between groups. The experiment started 
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with a child-friendly 9-point eye-tracking calibration, after which 

stimulus presentation commenced. The experiment lasted for 

approximately 7.5 minutes excluding breaks and attention getters, which 

were played on demand when the child looked away from the screen. 

Testing was stopped if the child cried for longer than one minute, could 

not be reoriented to the screen, or if parents requested to stop. 

Data analysis 

Video coding for visual attention. Videos of the child were 

coded offline frame-by-frame using ELAN (version 5.2; Brugman & 

Russel, 2004). All trials in which the child was not attending the screen 

for the first 500ms of stimulus presentation were removed from further 

analysis. In a study of face perception in 7-month-olds, stimulus 

presentation for 500ms was shown to be long enough to reliably elicit a 

P400 response (Jessen & Grossmann, 2015). Participants visually 

attended on average 

95.10 trials (SD = 14.31) out of a possible 120. The groups did not differ 

in the number of trials visually attended (t(43.24) = 1.20, p = .24), with 

the high-likelihood group on average attending to 97.24 trials (SD = 

13.16) and the low-likelihood group on average attending to 92.39 trials 

(SD = 15.50). 

 

Eye-tracking. Eye-tracking data recorded during the stimulus 

presentation were analysed using Matlab to examine how often and for 

how long the participants fixated the eyes of the stimuli. The default 

Eyelink 1000+ online filter classified fixations, which were then 

categorised as within or outside a rectangular area of interest (AOI) 

around the eyes of the stimuli, 300x150 pixels for the test stimuli and 
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700x300 pixels for the larger adaptor stimuli. The eye-tracking data 

quality varied due to participant movement, so we excluded participants 

with an average fixation duration under 100ms (2 high-likelihood 

children and 1 low-likelihood child), since this is physiologically 

implausible. We then analysed the proportion of the number of 

fixations inside the AOI and the proportion of fixation durations inside 

the AOI (see Table 2 for descriptive statistics). 

The high-likelihood group spent a significantly smaller 

proportion of the number of fixations inside the AOI (t(25.87)=-2.56, p = 

.02), a significantly smaller proportion of the total duration of all their 

recorded fixations inside the AOI (t(25.30)=-2.93, p = 0.007), and the 

length of their mean fixation inside the AOI was significantly shorter 

(t(23.46) = -2.08, p = 0.048) than the low-likelihood group. The groups 

did not, however, differ in the absolute number of fixations inside the 

AOI (t(26.99) = -1.09, p 

= 0.28). 

Table 2 

Fixation count, proportion, mean duration, and proportion of duration 

spent inside the area of interest around the eyes of the stimuli 

 

N 
Mean number 
fixations in AOI 

Proportion 
fixations in AOI 

Proportion of all 
fixation durations 
spent in AOI 

Mean duration 
fixations in AOI 

High-
likelihood 16 111.5 (94.90) 32.68% (22.06) 37.53% (27.04) 348.33 (218.24) 

Low-
likelihood 17 143.06 (67.65) 49.49% (14.66) 60.89% (17.34) 477.71 (123.89) 

      

Total 33 127.76 (82.26) 41.34% (20.21) 49.56% (25.18) 414.98 (185.24) 
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EEG data processing. Data were analysed using Matlab and the 

Fieldtrip toolbox (Oostenveld, Fries, Maris, & Schoffelen, 2011). Each 

trial was separately detrended, demeaned and low-pass filtered at 30 

Hz, and baseline-corrected to a window of 200ms before stimulus onset. 

All channels and all trials were then separately visually inspected, and 

channels and trials with excessive noise or movement artifacts were 

rejected from further analysis. After poor-quality channels were 

rejected, the data were re-referenced to the average of the remaining 

channels. Of a total possible 32 channels, the mean number of channels 

included in the average was 26.54 (SD = 5.36) for the high-likelihood 

group and 24.27 (SD = 4.66) for the low-likelihood group. Channels of 

interest were all ten occipital and parietal channels in the 10-20 system 

(P7, P3, Pz, P4, P8, PO9, O1, Oz, O2 and PO10). After poor- quality 

channels were rejected, the mean number of available channels of 

interest per child was 8.42 (SD = 2.08) in the high-likelihood group and 

8.00 (SD = 1.75) in the low-likelihood group. The groups did not differ in 

the number of overall channels available (t(45.96)=1.57, p = .12) or the 

number of channels of interest available (t(45.99)=0.77, p = 0.45). 

We excluded five high-likelihood children and two low-

likelihood children from further analysis because they had fewer than 

three artifact-free, visually attended trials per cell (Kaduk, Elsner & Reid, 

2013; Stets & Reid, 2011), and one further high-likelihood child because 

their average ERP amplitude exceeded ±50mV, leading to a total sample 

size of 48 children; 26 high-likelihood children and 22 low-likelihood 

children. The average number of trials per cell for the adaptation after-

effect analysis was 8.62 (SD =1.48) for the high-likelihood group and 
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7.95 (SD =1.48) for the low-likelihood group. The two groups did not 

differ in number of trials included for final analysis (t(44.64) = 1.55, p = 

.13). 

Statistical analysis. On visual inspection, we did not observe a 

consistent canonical N290 (see Figure 4) and therefore did not proceed 

with these analyses. The remaining tests were performed only on the 

P400 time window. The P400 component was expected to appear 

between 320 and 540ms based on findings of Elsabbagh and colleagues 

with younger participants (Elsabbagh et al., 2009; Elsabbagh et al., 

2012), although young children, and autistic children in particular, often 

show large intra- and inter-individual variability in the latency of ERP 

components (Milne, 2011). We therefore used Fieldtrip to conduct mass 

univariate analyses consisting of a t-test performed on each sample in 

the time window, using False Discovery Rate correction for multiple 

comparisons. This approach allows increased sensitivity when testing for 

effects with uncertain timing or topography while controlling for false 

positives in a conservative manner (Groppe, Urbach, & Kutas, 2011). 

However, False Discovery Rate correction assumes independence of 

samples, which cannot be assumed for consecutive time-points in 

electrophysiological data. In contrast, non-parametric cluster-based 

permutation testing takes into account the inherent temporal structure 

of such data, and is thus a more appropriate method for multiple 

comparison correction in the current analyses (Maris & Oostenveld, 

2007). We therefore present results from both FDR and non-parametric 

cluster-based permutation testing for our between-participants 

comparisons. 
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In order to quantify the amount of evidence for the null 

hypothesis and the alternative hypothesis, we also conducted Bayesian 

t-tests using JASP (version 0.9.0.1, JASP team, 2018). For these tests we 

extracted a peak value per participant, rather than performing the mass 

univariate analysis with tests for each time sample. This is not directly 

comparable to the frequentist tests performed in Fieldtrip, since JASP is 

not designed for mass univariate analyses, but taking the peak values 

per participant during the time window of interest is relatively common 

in ERP analyses and this gives an indication of the direction of an effect. 

Bayesian tests have the advantage of providing more detailed 

information than frequentist tests about the ratio of evidence for the 

alternative versus the null hypothesis, and importantly can distinguish 

between the lack of an observed effect due to strong evidence for the 

null hypothesis and the lack of an observed effect due to too little 

information (Wagenmakers et al., 2018). The resultant test statistic is a 

Bayes Factor (BF), a ratio of the amount of evidence for the alternative 

hypothesis to the amount of evidence for the null hypothesis, where 

values around 1 indicate equivalent levels of evidence for both the null 

and alternative hypotheses. Values of less than 0.3 or more than 3 are 

considered moderate evidence for the null and alternative hypotheses 

respectively; values of less than 0.1 or more than 10 are considered 

strong evidence for the null and alternative hypotheses respectively. For 

the current analyses we used the default Cauchy prior width of 0.75 

since we did not have strong expectations about the size of the 

difference. 
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Results 

Habituation Effect 
We first examined the habituation effect indicated by the ERP 

responses to faces, that is, the reduction in amplitude of the ERPs after 

repeated exposure. When comparing the grand average ERP response 

during block 1 to the grand average during block 3, two separate two-

tailed one-sample t- tests revealed that both groups individually showed 

a reduced response during block 3. For the high- likelihood group, the 

critical t value was ±2.01, and t values (df = 50) exceeded this for time 

points 320ms – 936ms, all ps below .006 (see Figure 2C). For the low-

likelihood group, the critical t value was ±2.02, and t values (df = 42) 

exceeded this for time points 438 – 440ms and 618ms – 864ms, all ps 

below .003 (see Figure 2D). 
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Figure 2. Habituation effects in the high- and low-likelihood groups. 
Top row: ERP responses to all faces in block 1 (pre-adaptation, in blue) 
and block 3 (post-adaptation, in green), averaged over channels of 
interest. A: High-likelihood group. B: Low-likelihood group. 
Bottom row: Difference between the mean ERP to all faces in block 1 
(pre-adaptation) and the mean ERP to all faces in block 3 (post-
adaptation), averaged over channels of interest. Bold portions indicate 
where the habituation effect is significantly different from zero. C: High-
likelihood group. D: Low- likelihood group. 

 
The conservative two-tailed independent samples t-test with False 

Discovery Rate correction showed all t values below 3.14 (df = 46). 

Uncorrected p values were all greater than 0.003, but False Discovery 

Rate corrections yielded no values below 0.05. However, cluster-based 

permutation tests, which take into account the inherent structure of the 

data, yielded two positive clusters, one of which showed that the groups 

did significantly differ from each other in the extent of their habituation 
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(338 – 498ms, cluster = 208.21, SD = 0.0041, p = .02; see Figure 3). A 

Bayesian t-test calculated in JASP on the maximum difference between 

block 1 and block 3 per participant revealed that there is moderate 

evidence that the two groups do not differ in the extent of their 

habituation (BF = 0.29) when each participant contributes their 

individual point of maximal difference, independent of the time-course 

of the effect. The lack of difference between groups in the Bayesian 

analysis should not be considered contradictory, as this analysis answers 

a different question; namely, do the groups differ in their habituation 

when values are taken from the time-point representing each individual 

child’s maximum difference. We designed the analysis this way in order 

to avoid the problem of uncertainty in the timing of the habituation 

effect. Taken together, the results suggest that the timing of the 

habituation effect is heterogeneous, and that both groups habituated to 

the stimuli, but that the high-likelihood group habituated more than the 

low-likelihood group in the P400 time window specifically. 
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Figure 3. Differences in habituation between high- and low-likelihood 
groups. Mean ERP to all faces in block 1 (pre-adaptation) minus mean 
ERP to all faces in block 3 (post-adaptation), averaged over channels of 
interest. Bold portions indicate where the groups differ significantly 
according to cluster- based permutation testing. High-likelihood group 
shown in blue, low-likelihood group shown in red. 

 

Adaptation After-Effect 

To isolate the adaptation after-effect, we took the difference 

per participant between their ERP responses to the direction they were 

adapted to in block 1 and block 3, the difference between their ERP 

responses to the direction they were not adapted to in block 1 and 

block 3, and then took the difference of the resulting difference waves, 

and compared these differences in the two groups. This is functionally 

equivalent to a three-way interaction of Group X Block X Condition, and 

ensures that any change in observed response is due only to the 
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experience with the adaptor gaze direction in block 2, correcting for 

habituation over the course of the experiment. 

A two-tailed one-sample t-test taking all participants together 

showed that when comparing difference waves continuously across the 

time window of interest, the combined group did not differ from zero. 

The critical t value was ±1.99. The absolute values of the t values (df = 

94) were all below 0.90. Cluster-based permutation testing confirmed 

this finding, with 5 positive clusters but none of them significant, all ps > 

0.06. Bayesian t-tests also showed that there was moderate evidence for 

the null hypothesis using the point of maximum difference between the 

conditions and blocks per participant during the time window (BF = 

0.33). 

A two-tailed, independent samples t-test showed that the high- 

and low-likelihood groups did not differ significantly from each other on 

the size of the adaptation after-effect. The critical t value was ±2.03, and 

the absolute values of t in the time window specified ranged from 0.70 

to 2.34 (df = 46). Uncorrected p values were all above 0.02, but False 

Discovery Rate corrections yielded no p values below 0.05. A Bayesian t-

test showed that there is moderate evidence that the two groups do not 

differ from each other in their response to the adaptation manipulation 

(BF = 0.29). 
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Figure 4. Adaptation after-effects. ERP responses pre- and post-
adaptation, i.e. in block 1 (blue) and block 3 (green), averaged over 
channels of interest. The time window of interest for the P400 is 
indicated by the red rectangle. The shaded areas represent one 
standard error of the mean. A: High-likelihood group in adapted 
direction. B: High-likelihood group in unadapted direction. C: Low- 
likelihood group in adapted direction. D: Low-likelihood group in 
unadapted direction. 

 

 

Discussion 

We tested whether young children with older autistic siblings 

differed from those with older non-autistic siblings in the extent to 

which their perception was influenced by their previous experience, 

using an adaptation paradigm during passive viewing while we recorded 

EEG. We observed signs of habituation in both groups, and found some 

evidence that the high-likelihood group habituated more than the low-

likelihood group did. However, neither of the groups showed adaptation 
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after-effects, which we had expected to see in the difference of the 

difference, representing the interaction between block and condition. 

We also failed to observe an N290 modulation in the early 

portion of the experiment, which is surprising since this component is 

reliably evoked during face perception. There are few EEG studies 

available with children of this age, so it is difficult to establish a time 

window of interest for the component for 2-year-olds. Even so, we 

expected to see a negative deflection before the positive P400, and it is 

unclear why this was not always the case. 

Predictive Processing accounts of autism claim to explain all 

aspects of the condition as consequences of an altered balance between 

expectations and prediction errors, and as a result predict that those 

with autism perceive the world differently to those without autism. The 

two instantiations of Predictive Processing accounts of autism 

mentioned above – reduced influence of prior experience (Pellicano & 

Burr, 2012) and over-adjusting expectations based on small expectation 

violations (van de Cruys et al., 2014) – both predict reduced adaptation 

in individuals with autism. In a previous study, Pellicano and colleagues 

(2013) did show using the current paradigm that autistic children aged 8 

to 16 years recalibrate their perceptual expectations less than their 

peers without autism, and experience less of an adaptation after-effect. 

Other studies have shown the same phenomenon with variations on 

stimuli (Ewing et al., 2013; Rhodes et al., 2014; Turi et al., 2015), 

although there are studies that show no difference between after-effect 

magnitude in neurotypical and autistic children (Ewing et al., 2013; 

Karaminis et al., 2015). Although the studies showing reduced adaptation 
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in autistic children do tend to be those using social stimuli, there is no 

clear dividing line between the stimuli that seemingly induce reduced 

adaptation and those that induce typical adaptation in autistic children. 

It should also be noted that some adaptation studies with adult 

participants report equivalent adaptation after-effects for autistic and 

non-autistic groups (e.g. Cook, Brewer, Shah & Bird, 2014; Palmer, 

Lawson, Shankar, Clifford & Rees, 2018; Pell et al., 2016) While others 

show reduced adaptation in autistic adults (e.g. Corbett, Venuti & 

Melcher, 2016; Lawson, Aylward, Roiser & Rees, 2018; Walsh, Vida, 

Morrisey & Rutherford, 2015). It is possible that some autistic adults 

have learnt idiosyncratic compensatory strategies, leading to more 

mixed findings in individuals with more diverse life experiences and 

personal coping mechanisms. 

Predictive Processing accounts of autism suggest that autistic 

individuals either weigh their previous experience less during 

information processing, or that they weigh any difference to 

expectations (their prediction errors) highly even when this is not 

warranted. Since, in the Predictive Processing view, this type of 

computation is inherent to all information processing, such a difference 

from neurotypical weightings should cascade into all domains and be 

present from the age at which an individual can sense and perceive. If 

this were true, this would mean that such a difference in perception 

could possibly be used as an early marker of autism. Experimental studies 

testing this claim could have large implications for the theories, which 

are currently being widely discussed in theoretical papers but just 

beginning to be tested empirically. 
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Most of the evidence cited as consistent with the theories 

comes from existing studies with adult participants. To rule out any 

processing differences due to compensatory behaviours or lived 

experience as an autistic person, strong evidence in favour of these 

accounts should be derived from studies with children as young as 

possible. Longitudinal prospective studies are a well-suited forum for 

this investigation as they provide the best opportunities to test children 

with autism before they are old enough to be diagnosed. 

Habituation 

The fact that our high-likelihood group appears to habituate to a 

greater extent than the low- likelihood group was unexpected, not only 

from within a Predictive Processing framework but also in the context of 

other work on habituation in autism. Young children at high-likelihood 

and those with autism have been shown to exhibit reduced habituation 

when hearing repeated tones (Guiraud et al., 2011), or seeing images of 

neutral faces with direct gaze (Jones et al., 2016; Webb et al., 2010), 

while those same infants did not show reduced habituation to images of 

houses (Webb et al., 2010) or images of toys (Jones et al., 2016). 

Previous fMRI studies examining amygdala activation have shown 

reduced habituation in autistic adults to images of emotional faces 

(Kleinhans et al., 2016; Tam et al., 2017), however one ERP study 

comparing face-specific components similar to those in the current 

study showed that autistic and non-autistic adults did not differ in the 

extent of their habituation (Webb et al. 2010b). Taken together, the 

literature suggests that autistic and high-likelihood groups generally 

habituate slower than non-autistic and low-likelihood groups, however 
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nuances in methodology and stimuli may require close attention to 

draw conclusions about the underlying mechanisms. 

Upon inspection of the time-course of the currently observed 

habituation effect in the two groups separately, we see that the low-

likelihood group show less extensive habituation, while the high-

likelihood group already show habituation from the beginning of the 

P400 time window onwards. Cluster-based permutation testing of the 

group comparison revealed that the groups do differ from each other 

more than could be expected by chance during this time window. The 

lack of difference between the groups when correcting for multiple 

comparisons with False Discovery Rate can be put down to the 

conservative nature of this correction, and the unfounded assumption 

of independence of samples in data of this nature (Maris & Oostenveld, 

2007). We therefore consider this likely to be a false negative. 

 

The high-likelihood group habituating more than the low-

likelihood group during the time window associated with gaze 

processing is challenging for the theories to accommodate, since any 

Predictive Processing account of autism would predict the opposite 

result. Regardless of whether children with high-likelihood of autism 

have reduced influence of their previous experience on perception 

(Pellicano & Burr, 2012), or over-adjust their expectations based on 

each new piece of evidence (van de Cruys et al., 2014), they should 

perceive each image as more novel and thus habituate less than their 

low-likelihood peers. It seems, however, that the high-likelihood 

children perceived the individual images, which differed in both identity 

and gaze direction, as less distinct from one another than the low-
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likelihood children did. The high-likelihood children may put less weight 

on identity or gaze direction as a relevant cue, rendering the images 

more similar to one another, but this result is not easily integrated into 

a Predictive Processing framework. Since these findings are not in line 

with a large body of previous work, we interpret these results cautiously 

and emphasise that replication is necessary. Specifically, it would be 

important to explore habituation to stimuli which, like ours, differ only 

in a socially salient cue like gaze direction. Should the current findings of 

increased habituation in high-likelihood or autistic participants be 

confirmed in future studies, they would contribute to a building body of 

work showing that the Predictive Processing framework for 

understanding autism requires further refinement. 

Adaptation After-Effect 

The fact that we do not observe evidence of an adaptation 

after-effect in the ERP responses makes further interpretation difficult. 

It is possible that our failure to find adaptation after-effects is due to 

low power, as both groups are small given the low number of trials 

available. Since young children do not tolerate EEG for much longer than 

ten minutes, we reduced the length of the stimulus presentation as 

much as possible while retaining a maximum of 12 trials per cell. The 

children did attend to most trials, contributing an average of around 8 

trials per cell, but these numbers are much lower than could be 

expected from adult experiments. Our sample size is sufficient to detect 

an effect of a size comparable to previously observed group X condition 

interactions in infant face and gaze processing ERP studies (Dawson et 

al., 2002; Jones et al., 2016; Key & Stone, 2012; Key at al., 2015), as well 
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as a previously observed main effect of adaptation in an adult ERP study 

(Schweinberger, Kloth & Jenkins, 2007). This points to neural markers of 

adaptation after-effects being subtle in the current study, although the 

Bayes Factors indicate that there is moderate evidence that the effect is 

simply not present. Since our Bayesian analysis was based on maximum 

values, multivariate analyses and statistics that account for the 

variability between and within individuals may reveal more than we see 

with the current method of taking maximum values from a complex and 

complicated data set. 

 

It is possible that adaptation after-effects are not measurable in 

the current paradigm because the participants did not perceive the 

subtle difference between the 0° and 5° gaze directions, especially since 

they moved much more than adult participants would and spent less 

time spontaneously fixating the eyes of the stimuli than an adult 

instructed to respond to gaze direction would. We attempted to 

mitigate this by presenting the colourful fixation ball and all attention 

getters in the centre of the screen, directly between where the eyes of 

the stimuli appeared during critical trials, but the rates of fixations in the 

area of interest around the eyes were still relatively low. It is also 

possible that 2-year-olds still need to further refine their gaze 

perception tuning functions, meaning that their gaze direction 

discrimination is not yet as precise as that of adults. Since adaptation is 

inherent to all perception, it should be measurable in younger children 

and infants, and further progress in paradigms to capture this perceptual 

effect will be crucial to understand the development of information 

weighting and expectation-adjustment in this population. 
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Conclusion 

The current habituation findings are not well-explained by 

Predictive Processing theories, although the lack of evidence of any 

adaptation after-effects in the group as a whole do not allow for our 

main intended comparison. We are continuing to follow our longitudinal 

sample of high-likelihood and low-likelihood siblings, with tasks 

designed to test different aspects of the Predictive Processing theories. 

Such an approach, using multiple complementary tasks, is key to 

providing convergent evidence to ascertain the extent to which 

Predictive Processing accounts of autism are supported by behavioural 

and neuroimaging results. 
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Abstract 
 

Predictive Processing accounts of autism posit that autistic individuals’ 

perception is less biased by expectations than non-autistic individuals’, 

perhaps through stronger precision-weighting of prediction errors. Since 

precision-weighting is fundamental to all information processing, any 

differences between autistic and non-autistic individuals should be 

domain-general and observable in both behaviour and brain responses. 

This study tested these theoretical predictions in gaze-direction adaptation, 

using EEG, behavioural responses and eye-tracking co-registration to 

investigate whether increased precision-weighting of prediction errors is 

evident through smaller adaptation after-effects in autistic adolescents 

compared to non-autistic peers. Multi-level modelling showed that autistic 

and non-autistic adolescents’ responses were consistent with behavioural 

adaptation, with Bayesian statistics providing extremely strong evidence 

for the absence of a group difference. Cluster-based permutation testing of 

ERP responses did not show the expected larger reduction in the N170 or 

P2 components in response to adapted compared to unadapted stimuli, 

and no group difference was detected. Combined with the few other 

available studies, the current findings raise challenges for the theory, 

suggesting no fundamental difference in precision-weighting of prediction 

errors in autism. 
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No Evidence for Increased Precision-Weighting of Prediction Errors in 

Autistic Adolescents' ERPs or Behaviour during Adaptation to Gaze 

Direction 

Autism is a developmental condition characterised by social 

communication differences, intense special interests, repetitive behaviours 

and unusual sensory interests (DSM-5, APA, 2013), but theories trying to 

explain the underlying cognitive mechanisms have often been restricted to 

explaining a subset of symptoms, and none has been overwhelmingly 

supported by empirical findings (see for example the Theory of Mind deficit 

hypothesis, Baron-Cohen, Leslie, & Frith, 1985; Weak Central Coherence 

theory, Happé & Frith, 2006; and Enhanced Perceptual Functioning theory, 

Mottron & Burack, 2001). Little is therefore known about the mechanisms 

underlying observed autistic behaviours and experiences. 

Recently, Predictive Processing accounts of autism have proposed 

one clear candidate mechanism from which all autistic symptoms and 

experiences arise: a difference in basic sensory processing (Lawson, Rees, & 

Friston, 2014; Pellicano & Burr, 2012; van de Cruys et al., 2014). Predictive 

Processing posits that all information processing is an active combination 

of expectations about the world and incoming sensory input, and that 

sensory neural signals represent only the difference between the 

expectation and the observation. This difference is known as the prediction 

error. Prediction errors are used to update expectations if the deviation 

from the expected value is deemed informative. The encoding of how 

informative a prediction error is comes in the form of a precision weight on 

the prediction error (Clark, 2013). Predictive Processing accounts of autism 

claim that this interplay of expectations, observations, and precision 
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weighting is different in autistic individuals (Pellicano & Burr, 2012; Lawson 

et al., 2014; van de Cruys et al., 2014). The theories differ slightly in the 

mechanisms they propose, but all posit domain-general differences in 

information processing as a result, which they claim cascade up the 

cognitive hierarchy to affect all domains. 

There are still few bespoke empirical studies testing these claims 

although some researchers have begun to test the claims empirically (see, 

for example, Manning, Kilner, Neil, Karaminis & Pellicano, 2017; Manning, 

Tibber, Charman, Dakin & Pellicano, 2015; van de Cruys, Vanmarcke, van 

de Put & Wagemans, 2018; van der Hallen, Lemmens, Steyaert, Noens 

&Wagemans,2017; Ward, Braukmann, Buitelaar & Hunnius, 2020). The 

evidence for Predictive Processing accounts of autism is mixed so far, with 

some results consistent with the theoretical predictions (Manning et al., 

2015; Manning, Tibber & Dakin, 2017; van der Hallen et al., 2017), while 

the remaining studies do not find support for the proposed mechanisms. 

The Predictive Processing framework is therefore not yet well-supported 

by empirical evidence, but the potential for a mechanistic unifying 

explanation of autism merits further investigation. 

The current study uses adaptation as a test case for the theoretical 

predictions. Adaptation is a perceptual process in which stimuli evoke 

weaker responses after prolonged exposure, leading to relatively stronger 

encoding of novel features (Jenkins et al., 2006). This leads to biased 

perception wherein new stimuli appear subjectively more different from 

previously seen stimuli. This bias is referred to as the adaptation after-

effect. For example, after seeing a stream of images of people with an 

extreme left gaze direction, later gaze directions are perceived as “less left” 
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than those same directions were perceived before the exposure. This after-

effect leads to small angles of left gaze being classified as direct gaze by 

participants adapted to leftwards gaze. 

Individuals with autism appear to show reduced adaptation after-

effects in most circumstances (see for example, Ewing, Pellicano & Rhodes, 

2013; Pellicano et al., 2007; Pellicano et al., 2013; Rhodes, Ewing, Jeffery, 

Avard & Taylor, 2014; Rhodes et al., 2018; Turi et al., 2015; van Boxtel, da 

Pretto & Lu, 2016), although some findings show no group differences in 

adaptation after-effects (Ewing, Pellicano & Rhodes, 2013; Karaminis et al., 

2015).  

If adaptation is reduced is autism, it could suggest that the 

perception of autistic individuals is less biased by their previous cumulative 

sensory experience than is the perception of non-autistic individuals, as 

expected according to Predictive Processing accounts of autism. Previous 

research on adaptation in autistic individuals has been behavioural, and 

Predictive Processing is based on neural dynamics and as such makes clear 

predictions about how sensory input is treated by the brain. If reduced 

after-effects are indeed the result of low-level prediction errors during 

stimulus perception, as Predictive Processing theories would claim, this 

should also be observable in the neural responses 

In the current study we therefore measured behavioural after-

effects, neural after-effects using EEG and concurrent eye-tracking to 

monitor visual attention. We used a gaze-direction adaptation paradigm 

developed by Jenkins and colleagues (2006; see Figure 1) and later used by 

Pellicano and colleagues (2013) to show reduced behavioural after-effects 
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in autistic compared to non-autistic children. Face-specific ERP components 

are well-studied and reliably elicited, and adaptation to gaze-direction has 

been studied in non-autistic adults using ERPs in the past (e.g., Kloth & 

Schweinberger, 2010; Schweinberger, Kloth & Jenkins, 2007; Walther, 

Schweinberger, Kaiser & Kovacs, 2013). Based on these studies we 

expected to see after-effects reflected in early perceptual processes, 

primarily in the face-specific N170, and in the P2, which is evoked by 

categorising stimuli. 

If Predictive Processing theories of autism hold, we should see 

reduced adaptation after-effects in autistic compared to non-autistic 

adolescents, reflected in both behavioural and neural responses. We 

expected the neural after-effect to appear as increased repetition 

suppression to adapted stimuli compared to unadapted stimuli. We also 

recorded participants’ eye movements, to measure their visual attention to 

the stimuli. 

Method 

Participants 
In total, 58 adolescents participated in the study, 27 of whom had 

an autism diagnosis. Two participants (both non-autistic) felt ill before data 

acquisition began, and during data collection, technical problems meant 

that one autistic participant could not complete the adaptation task, 

leaving 55 participants (26 autistic and 29 non-autistic). Of those, all 

participants contributed behavioural response data, 53 contributed EEG 

data (24 autistic and 29 non-autistic), and 53 contributed eye-tracking data 

(26 autistic and 27 non-autistic). 
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 Participants were aged between 12 and 18, and those in the 

autistic group had a diagnosis of Autism Spectrum Disorder according to 

the DSM-5 (APA, 2013), or Asperger’s Syndrome, Autism, Multiple Complex 

Developmental Disorder or Pervasive Developmental Disorder Not 

Otherwise Specified according to the DSM-4 (APA, 2000). A history of 

epilepsy, current serious psychiatric illness, and uncorrected vision 

problems were all exclusion criteria, and participants were screened before 

enrolment in the study.  

Participants were 15 years old on average (15.03 years in 

the autistic group and 15.58 years in the non-autistic group). The 

groups did not differ significantly in age or in IQ, although the 

autistic group did show higher levels of alexithymia and more 

autism symptoms as measured by the Social Communication 

Questionnaire (SCQ, Berument et al., 1999; Rutter et al., 2003; see 

Table 1). We defined scores of 11 or above on the SCQ as meeting 

the cutoff for autism, as this value has been shown to maximise 

sensitivity and specificity in children (Wiggins, Bakeman, Adamson 

& Robins, 2007). 18 autistic participants met this criterion for 

autism, while 7 autistic participants did not. Only 1 non-autistic 

participant scored within the clinical range and 26 did not. Scores 

could not be calculated for six participants due to incomplete 

parent responses (2 autistic participants and 4 non-autistic 

participants). Due to violation of the assumption of equal variance, 

degrees of freedom have been adjusted using the Welch 

approximation. After data collection, two participants in the non-
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autistic group discussed with the experimenters that they 

suspected they may be autistic, but their SCQ scores indicated that 

this was very unlikely and they were kept in the non-autistic group.  

 

Table 1 

Participant characteristics: Mean (standard deviation) 

 

Group N Age IQ SCQa Alexithymiab 

Autistic 27 15.03 (852 days) 109 (14.63) 16.5 (7.38) 114 (16.54) 

Non-autistic 31 15.58 (660 days) 109 (11.17) 4.0 (3.61) 104 (15.99) 

Statistic  t(47.01) = -0.93,  
p = .35 

t(46.71) = -0.39,  
p = .70 

t(32.83) = 7.57,  
p < .0001 

t(27.38) = 33.07,  
p < .0001 

a Social Communication Questionnaire (Berument et al., 1999; Rutter et al., 2003) 
b Bermond-Vorst Alexithymia Questionnaire (Vorst & Bermond, 2001) 

 

This study was run during the same lab visit as another 

study reported in Ward and colleagues (2021), and together the 

studies were approved by the medical ethics committee 

(Commissie Mensgebonden Onderzoek Arnhem-Nijmegen, 

protocol NL49584.091.14). Recruitment was done via local schools, 

online flyers, and Karakter, a child and youth psychiatry clinic. 

Participants received a reimbursement of their travel costs and €20 

in gift vouchers as a thank you for taking part. 

Materials 
Assessments. IQ was assessed using the short-form WISC-III 

(Wechsler, 1991) for participants aged 15 and under, and the WAIS-IV 
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(Wechsler, 2008) for participants aged 16 and over. Alexithymia symptoms 

were measured using the Bermond-Vorst Alexithymia Questionnaire 

(BVAQ, Vorst & Bermond, 2001) and autism symptoms were measured 

using the Social Communication Questionnaire (SCQ, Berument et al., 

1999; Rutter et al., 2003) for all participants, and the Autism Diagnostic 

Interview-Revised (ADI-R; Lord, Rutter & Couteur, 1994) for the autistic 

participants. 

Adaptation stimuli. Stimuli were a subset of those created by 

Jenkins and colleagues (2006). The first block of the experiment, pre-

adaptation, consisted of 36 images: 12 actors with 3 gaze directions each; 0 

degrees (straight ahead), 5 degrees left and 5 degrees right. The second 

block, adaptation, consisted of 12 images shown twice each, one of each 

actor, with an extreme gaze direction of 25 degrees. Adaptor images were 

all looking in the same direction, and each participant was adapted to 

either left or right gaze, assigned randomly. The third block, post-

adaptation, again consisted of 36 trials, with the same images as shown in 

pre-adaptation. In this block, however, each image was preceded by a top-

up adaptor from the adaptation set.  
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Figure 1: Schematic showing one trial from block 1, 4 trials from block 2 

and 1 trial from block 3. 
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Images showing gaze directions of 0 and 5 degrees measured 16cm 

by 9.9cm on the presentation monitor. Adaptor images, showing the 25-

degree gaze angle, measured 21.4cm by 13.3cm. The two image types 

were displayed at different sizes to avoid retinotopic adaptation, as in 

previous studies (Jenkins et al., 2006; Pellicano et al., 2013; Ward et al., 

2020). Stimuli were presented pseudorandomly to avoid repetition of the 

same model appearing more than once in a row and to avoid the same 

gaze direction appearing more than three times in a row; randomisations 

were generated using Mix (van Casteren & Davis, 2006). 

Apparatus. Electroencephalography (EEG) was recorded from 32 

AgCl active electrodes in an EEG cap (ActiCap, Brain Products, Munich, 

Germany) using BrainVision Recorder, via a BrainAmp BrainVision Products 

amplifier. EEG was recorded continuously, with an online reference at the 

left mastoid, at a sampling frequency of 1000Hz and with a band-pass filter 

(0.1–125 Hz). We also measured eye-movements at a sampling frequency 

of 500Hz, from all participants for whom we could achieve a successful 

calibration, with an SMI remote eye-tracker (SensoMotoric Instruments 

GmbH, Teltow, Germany). Stimuli were presented with Presentation 

(versions 20.2 and 20.3, Neurobehavioral Systems, Albany, CA, USA) on a 

24” Benq XL2420T LCD monitor. Participant responses were recorded using 

a custom-made BITSI button box with three equally-spaced buttons, which 

registers responses accurate to 1ms. 

Procedure 
Participants were fitted with the EEG cap with the electrodes 

already placed in the rings. We added more gel to each electrode until 

impedances were below 20 kOhm or the participant no longer tolerated 
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the procedure. EOG electrodes were filled with gel and then applied to the 

skin with a hypoallergenic tape, and adjusted until impedances were below 

100 kOhm if possible. 

The current task was preceded by another study during which 

participants watched videos for approximately 30 minutes. Participants had 

a small break before starting the current task and once they were ready to 

continue, they were given written instructions on the screen and verbal 

instructions by the experimenter explaining the adaptation task. 

Participants were instructed that they would see images of faces and they 

would be asked to indicate the gaze direction of some of the stimuli by an 

on-screen prompt. They were further informed that some of the stimuli 

had very small gaze angles, so they should attend to the eyes. The 

experimenter ensured that the participants understood the task before 

proceeding. 

Data analysis 
Behavioural analysis. Behavioural response data were analysed in 

R using ordinal logistic multi-level modelling in the ordinal package and 

plots were made using ggplot2 (Wickham, 2016) and ggpubr (Kassambara, 

2020) packages. Adaptation direction varied between participants and was 

randomly assigned, so button responses and gaze directions of the stimuli 

were recoded to normalise over adaptation direction, collapsed over left 

and right. 

The influence of the adaptation on responses was expected to be 

evident in block 3, to be specific to the adapted gaze direction, and to 

differ between autistic and non-autistic participants. The pre-specified 
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model for behavioural responses therefore included fixed effects of block, 

the gaze direction of the stimulus and group, as follows: 

model <- clmm(ButtonPressed_Normalised ~ 

GazeDirection_Normalised + Block *  Group  + (1 + 

GazeDirection_Normalised + Block | Participant)) 

 In order to quantify the strength of evidence for the null or 

alternative hypothesis, we estimated a Bayes Factor by running a model 

with no group terms, as follows:  

noGroupModel <- clmm(ButtonPressed_Normalised ~ 

GazeDirection_Normalised + Block + (1 + 

GazeDirection_Normalised + Block | Participant)) 

and using the difference between the Bayesian Information Criteria of the 

two models above as follows (Masson, 2011): 

𝐵𝑎𝑦𝑒𝑠 𝐹𝑎𝑐𝑡𝑜𝑟 ≈ 𝑒
(
𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑖𝑛 𝐵𝑎𝑦𝑒𝑠𝑖𝑎𝑛 𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝐶𝑟𝑖𝑡𝑒𝑟𝑖𝑎

2)⁄
 

Eye-tracking analysis. Eye-tracking data recorded during the 

stimulus presentation were analysed using R to examine how often and for 

how long the participants fixated the eyes of the stimuli. Data were 

classified into fixations with a minimum duration of 50ms and a peak 

velocity of 40°/s in BeGaze 3.0 software (SensoMotoric Instruments GmbH, 

Teltow, Germany). Fixations were categorised as within or outside a 

rectangular area of interest (AOI) around the eyes of the stimuli, 300x150 

pixels for the test stimuli and 450x225 pixels for the larger adaptor stimuli. 

We then analysed the mean number of fixations inside the AOI, the 



80 

proportion of the number of fixations inside the AOI and the mean 

duration of fixations inside the AOI. 

EEG data processing and analyses. EEG data were analysed using 

Matlab and the Fieldtrip toolbox (Oostenveld, Fries, Maris, & Schoffelen, 

2011). Each trial was separately detrended and low-pass filtered at 30 Hz, 

and baseline-corrected to a window of 200ms before stimulus onset. All 

channels and all trials were then separately visually inspected, and 

channels and trials with excessive noise or movement artifacts were 

rejected from further analysis. After poor-quality channels were rejected, 

the data were re-referenced to the average of the remaining channels. 

Channels of interest were all ten occipital and parietal channels in the 10-

20 system (P7, P3, Pz, P4, P8, PO9, O1, Oz, O2 and PO10), consistent with a 

previous EEG study using these stimuli (Ward et al., 2020). 

All statistical analyses of the EEG data were performed on the 

average response from all available channels of interest, during the time 

window from the stimulus onset until 1000ms after stimulus onset. We 

used Fieldtrip to conduct mass univariate analyses consisting of a t-test 

performed on each sample in the time window, using non-parametric 

cluster-based permutation testing to correct for multiple comparisons 

(Maris & Oostenveld, 2007). 

Habituation. Since neural responses decrease to repeatedly shown 

stimuli, we expected that the amplitude of the ERP components would be 

smaller in the post-adaptation block (block 3) than in the pre-adaptation 

block (block 1). According to Predictive Processing accounts of autism, 

autistic participants should perceive each stimulus as more novel than the 
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non-autistic participants, since their cumulative previous experience 

influences their perception less. We therefore expected the autistic 

participants to show less habituation than the non-autistic participants. We 

measured habituation by subtracting the mean response to all test stimuli 

in post-adaptation (block 3) from the mean response to all test stimuli in 

pre-adaptation (block 1). We tested for habituation in each group 

separately, using one-sample t-tests, as well as comparing the extent of the 

two groups’ habituation using a two-sample t-test. 

Adaptation after-effect. To isolate the adaptation after-effect from 

overall habituation, we compared the reduction of ERP amplitude in the 

adapted stimuli to the reduction of ERP amplitude in the unadapted stimuli 

(as in Ward et al., 2020). We expected that an adaptation after-effect 

would be observable as more reduction from pre-adaptation (block 1) to 

post-adaptation (block 3) in neural response to the adapted gaze direction 

than to the unadapted gaze direction. We therefore computed for each 

participant the difference between the ERP to the adapted gaze direction 

in pre-adaptation and post-adaptation, the difference between the ERP to 

the unadapted gaze direction in pre-adaptation and post-adaptation, and 

took the difference of the two resulting differences. These values were 

then compared to zero using a one-sample t-test and also averaged within 

the two groups and compared using a two-sample t-test. This leads to a 

representation of the block X gaze direction interaction in the one-sample 

t-test and the block X gaze direction X group interaction in the two-sample 

t-test. 
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Results 

Behavioural responses 
Accuracy. Analysis of the button press responses from all 55 

participants showed that both groups gave accurate responses, consistent 

with adaptation after-effects, but that the groups did not differ from each 

other.  

The accuracy scores showed that the participants performed well 

on the gaze classifying task (see Figure 2); in the pre-adaptation block on 

average the autistic participants were correct on 72% (SD=13%) of trials 

and the non-autistic group on 76% (SD=13%) of trials (t(51.94) = -1.27, p = 

.21). In the post-adaptation block on average the autistic participants were 

correct on 53% (SD = 9%) of trials and the non-autistic group on 56% (SD = 

9%) of trials. Due to the adaptation after-effect shifting gaze perception, it 

was expected that accuracy would be lower in post-adaptation than pre-

adaptation. One autistic participant performed below chance in the pre-

adaptation block (31% correct). We removed this participant from further 

analyses as this improved model fit but did not change the overall 

outcomes. 
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Figure 2: Proportion of correct behavioural responses by group and block. 
Block 1 was pre-adaptation and block 3 post-adaptation. Behavioural 
responses were not requested in block 2 since all stimuli in block 2 had the 
same gaze direction. Autistic group shown in blue, non-autistic group 
shown in red. 
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Figure 3: Proportion of responses categorising stimuli as the adapted gaze 
direction, direct gaze or the unadapted direction. A: Block 1 (pre-
adaptation). B: Block 3 (post-adaptation). Autistic group shown in blue, 
non-autistic group shown in red. 

 

Adaptation after-effect. The pre-specified ordinal logistic multi-

level model showed that there was an effect of block on normalised 

responses, such that the number of responses corresponding to the 

adapted direction was reduced after adaptation exposure (β = 3.32, SE = 

0.14, z = 24.27, p < .001). There was no significant effect of group (β = 0.43, 

SE = 0.30, z = 1.45, p = .15), and no interaction between block and group (β 

= -0.18, SE = 0.17, z = -1.05, p = .30). These results show that as a whole, 

the participants responded in a manner consistent with an adaptation 

after-effect, and the autistic and non-autistic groups did differ significantly 

A            B 
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in the extent of their after-effects3. In order to quantify the amount of 

evidence for the null effect of group, we compared the pre-specified 

hypothesis-driven model to a model with no group terms. This analysis 

showed that the model without group terms had a better fit (Bayesian 

Information Criteria of 4402 for the pre-specified hypothesis-driven model 

and 4388 for the model with no group terms) and the estimated Bayes 

Factor was 0.0009. This indicates that a model that does not consider 

group explains the data approximately 1000 times better than a model that 

does consider group, which is to be taken as extremely strong evidence for 

the absence of a group effect (Lee & Wagenmakers, 2014). 

  

 
3 One data-driven model outperformed the pre-specified hypothesis-driven model, 

so we report both models in Table 2. The two models give very similar results for 
the effects of block, gaze direction, group, and the interaction between block and 
group, while the data-driven model additionally shows that the adaptation direction 
significantly predicts behavioural responses (β = -0.50, SE = 0.11, z = -4.40, p < .001). 
This was unexpected since there is no clear reason that adapting to rightwards or 
leftwards gaze should induce a stronger adaptation effect, and adaptation direction 
was randomly assigned between participants and all responses were recoded to 
collapse over adaptation directions. This difference was not driven by an imbalance 
of autistic and non-autistic participants adapted to each direction (χ2 (1) = 1.78, p = 
0.18). Furthermore, models incorporating an interaction between adaptation 
direction and group, and adaptation direction and block, showed no significant 
interaction terms and performed worse than the model with only a main effect of 
adaptation direction, suggesting that participants showed a general bias in gaze 
direction perception that was independent of group and after-effect. Previous 
adaptation studies have manipulated adaptation direction within participants, and 
we decided not to do this to reduce the time the participants spent in the lab, but 
the current results suggest that future studies may benefit from showing only one 
adaptation direction to all participants, or from manipulating direction within 
participants. 
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Table 2. Outputs from the pre-specified model and the best-fitting model. 

Pre-specified model    

clmm(ButtonPressed_Norm ~ GazeDirection_Norm + Block *  Group  + (1 + 

GazeDirection_Norm + Block | Participant)) 

Fixed effects Estimate Std. Error z value p value 

Normalised Gaze Direction 3.32 0.14 24.27 < . 001 

Block -1.49 0.16 -9.47 < .001 

Group 0.43 0.30 1.45 .15 

Block * Group -0.18 0.17 -1.05 .30 

Random effects Variance Std. Error   

Intercept 0.79 0.89   

Normalised Gaze Direction 0.56 0.75   

Block 0.47 0.68   

Best-fitting model 
   

clmm(ButtonPressed_Norm ~ GazeDirection_Norm + AdaptationDirection + Block 

*  Group  + (1 + GazeDirection_Norm + Block | Participant)) 

Fixed effects Estimate Std. Error z value p value 

Normalised Gaze Direction 3.32 0.14 24.21 < .001 

Adaptation Direction -0.50 0.11 -4.40 < .001 

Block -1.49 0.16 -9.32 < .001 

Group 0.41 0.30 1.36 0.16 

Block * Group -0.18 0.18 -1.01 0.31 

Random effects Variance Std. Error   

Intercept 0.81 0.90   

Normalised Gaze Direction 0.57 0.75   

Block 0.47 0.70   
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Neural responses 
Habituation. The habituation analyses showed that both groups 

habituated to a similar extent (see Figure 4). The groups both showed 

smaller ERP amplitudes in block 3 than in block 1, and the groups did not 

differ from each other in the size of this reduction. Cluster-based 

permutation testing revealed a difference between blocks which survived 

alpha-adjustment in the autistic group, (cluster = 2532, SD < 0.001, p < 

.001) and in the non-autistic group (cluster = 2218, SD < 0.001, p < .001). 

The group comparison was calculated as the difference between the 

groups’ average difference scores, and no clusters survived alpha 

correction. We therefore do not detect any group difference in the extent 

of their habituation during repeated exposure to face stimuli.  

 

Figure 4: Habituation as measured by the difference between each 
participant’s average ERP during pre-adaptation and average ERP post-
adaptation. A: Autistic group. Bold segments indicate significant differences 
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from zero. B: Non-autistic group. Bold segments indicate significant 
differences from zero. C: Comparison between autistic and non-autistic 
group. 

 

Adaptation after-effect. The neural after-effect was calculated for 

each individual, as the difference between the reduction of ERP amplitude 

to the adapted stimuli and the reduction of ERP amplitude to the 

unadapted stimuli, from pre-adaptation to post-adaptation.  The group 

comparison was then computed on the difference between the two 

differences, which is functionally equivalent to a 3-way interaction 

between block, gaze direction and group. The adaptation analyses showed 

that the participants as a whole did not exhibit the expected pattern of a 

larger amplitude reduction to the adapted than unadapted stimuli, and 

that the groups did not differ from each other. 

When ERPs were averaged over the ten pre-specified electrodes of 

interest, we did not observe neural markers of adaptation after-effects (see 

Figure 5). Cluster-based permutation testing showed that the ERPs did not 

differ based on block and gaze direction, in the combined data from all 

participants, or based on block, gaze direction and group, in the group 

comparison. 
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Figure 5. Adaptation after-effect. ERP waveforms are shown for block 1 
(pre-adaptation) and block 3 (post-adaptation). A: Autistic group in the 
adapted direction. B: Autistic group in the unadapted direction. C: Non-
autistic group in the adapted direction. D: Non-autistic group in the 
unadapted direction. 

 

In order to further explore the adaptation after-effect, we 

performed a second exploratory analysis averaging the ERPs over only two 

electrodes, P7 and P8, which are common electrodes of interest among 

various previous analyses (Itier, Alain, Kovacevic & McIntosh, 2007; Kloth & 

Schweinberger, 2010; Schweinberger, Kloth & Jenkins, 2007; Walther, 

Schweinberger, Kaiser & Kovacs, 2013). We reasoned that if the after-

effect was reflected in the ERPs but was small, and washed out by 

averaging over a large scalp area, focussing on fewer electrode sites may 

have increased the signal to noise ratio. This exploratory analysis yielded 
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the same pattern of results as the original electrode set and did not yield 

any statistically significant clusters (see Supplementary Figure 1). 

Eye-tracking  
Eye-tracking was performed to rule out that a potentially reduced 

adaptation after-effect in the autistic group could be explained purely by 

less visual attention to the eyes of the stimuli. As the EEG and behavioural 

data were the primary measures, data quality was not optimal and varied 

between participants due to calibration quality and participant movement 

during the experiment. The number of fixations from a single participant 

ranged from 136 to 1782, with a mean of 1051 (SD = 535). Fixations with 

duration between 50 and 1500ms were considered for further analysis, and 

the resulting fixations had a mean duration of 195ms (SD = 177). 

Table 3 

Fixation count, proportion and mean duration spent inside the area of 

interest around the eyes of the stimuli 

Group N Mean number 
fixations in AOI 

Proportion 
fixations in AOI 

Mean duration 
fixations in AOI 

Autistic 26 60.7 (87.7) 0.07 (0.10) 219ms (123) 

Non-autistic 27 151.6 (139.5) 0.12 (0.10) 191ms (70) 

Statistic 
 

t(44.01) = -2.85,  
p = .006625 

t(50.94) = -1.82, 
p = .07502 

t(26.83) = 0.90 
p = .3747 

 

The autistic group made fewer fixations to the eyes of the stimuli 

than the non-autistic group, but the groups did not differ in the number of 

fixations to the eyes as a proportion of their total number of recorded 
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fixations or in the mean duration of fixations to the eyes (see Table 3). This 

suggests that there was more data loss in the autistic group rather than a 

different visual attention strategy in which they fixated areas other than 

the eyes more often than the non-autistic group. To confirm this, we 

further examined the number of fixations in the AOI in each group, and the 

autistic group indeed had more participants registering no fixations in the 

AOI at all (6 autistic participants compared to only 2 non-autistic 

participants), and the median number of fixations to the AOI was 136 in the 

non-autistic group but only 13 in the autistic group. 

Discussion 
The current study employed a previously-used stimulus set to test 

whether autistic and non-autistic adolescents show adaptation after-

effects in behavioural and neural measures, with eye-tracking to confirm 

that participants visually attended the relevant parts of the stimulus. The 

data reveal a strong behavioural after-effect, which did not significantly 

differ between the groups, and no indication of a neural marker of the 

after-effect, although we did observe clear habituation in the neural data. 

The eye-tracking data showed that the groups both attended to the 

relevant parts of the stimuli, that is, the eyes of the models, but that fewer 

fixations were recorded from the autistic group, which may point to worse 

eye-tracking quality from autistic participants, possibly due to movement. 

The absence of a group effect in the behavioural results is 

consistent with some previous literature with non-social stimuli (Pellicano, 

Rhodes & Calder, 2013; Karaminis et al., 2015), although does not replicate 

the findings of Pellicano and colleagues (2013) who use the same stimuli 

and tested a similar sample. Pellicano and colleagues (2013) explain the 
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reduced after-effect observed in their autistic participants as a result of 

those participants finding gaze direction classification more difficult, seen 

as lower accuracy in behavioural responses in the pre-adaptation phase. 

The current autistic group did not differ from the non-autistic group in their 

accuracy, which provides potential support for the interpretation that 

after-effects are reduced only as a function of reduced discrimination 

abilities. This argument is consistent with some but not all previous work 

on adaptation in autistic participants, and would need to be assessed 

further in a meta-analysis or further bespoke empirical studies. 

While we did see adaptation after-effects in the behavioural data, 

they were not observed in the ERP analysis. We had expected to see after-

effects present in the N170 and P2 components, based on previous studies 

with adults (e.g., Kloth & Schweinberger, 2010; Schweinberger, Kloth & 

Jenkins, 2007; Walther, Schweinberger, Kaiser & Kovacs, 2013), although 

the lack of neural markers is consistent with our previous EEG study using 

the same stimuli with younger children at high- and low-likelihood for 

autism (Ward et al., 2020). There we found no evidence of adaptation in 

the infant equivalent ERP components, the N290 and P400, and no 

interaction with group, similar to the current findings. This suggests that 

the relative change in neural response during adaptation may be very 

subtle, while nonetheless leading to a perceptual and behavioural shift. 

The current behavioural data show that autistic teenagers do show 

adaptation after-effects to the same extent as non-autistic teenagers, at 

least when the groups have similar baseline performance on the task. This 

is contrary to the predictions made based on Predictive Processing 

accounts of autism. The theory posits that autistic participants should 
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experience more highly-weighted prediction errors during observation (van 

de Cruys et al., 2014), leading to a less cohesive experience of the 

exemplars of the adapted gaze direction. The high weighting of prediction 

errors means that accumulated experience weighs relatively less during 

perception, and this trade-off should be observable in a reduced 

adaptation after-effect in autistic participants. This was clearly not the case 

in the current sample, as the groups did not differ significantly in either 

behaviour or neural measures. Previous explanations of reduced 

adaptation in autistic participants only under conditions in which the 

autistic participants perform less well at baseline may well hold true, but 

would not be easily accommodated by the Predictive Processing theories. 

It is possible that prediction errors are more highly weighted in 

autistic individuals but that this is not evident at every level of the cognitive 

hierarchy. Current models of schizophrenia, for example, suggest that 

schizophrenic individuals may have different precision-weighting schemas 

at different levels of the hierarchy, and that this may even differ between 

sensory modalities or the integration of sensory modalities (Sterzer et al., 

2018). Similar refinements of the Predictive Processing account of autism 

appear to be necessary for the framework to account for the empirical 

data. The current framework is appealing by virtue of its unifying 

explanation of all symptoms and the focus on neural and cognitive 

mechanisms, but currently it is too coarse to capture the nuance of the 

many varied cognitive and behavioural profiles of autistic individuals. 
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Supplementary Figures 

Supplementary Figure 1: Adaptation after-effect analysis when the signal is 
averaged over only electrodes P7 and P8. 

 

Adaptation after-effect. ERP waveforms are shown for block 1 (pre-

adaptation) and block 3 (post-adaptation). A: Autistic group in the adapted 

direction. B: Autistic group in the unadapted direction. C: Non-autistic 

group in the adapted direction. D: Non-autistic group in the unadapted 

direction. 
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Abstract 
 

Most theoretical accounts of autism posit difficulties in predicting others’ 

actions, and this difficulty has been proposed to be at the root of autistic 

individuals’ social communication differences. Empirical results are mixed, 

however, with autistic individuals showing reduced action prediction in 

some studies but not in others. It has recently been proposed that this 

effect might be observed primarily when observed actions are less 

predictable, but this idea has yet to be tested. To assess the influence of 

predictability on neural and behavioural action prediction, the current 

study employed an action observation paradigm with multi-step actions 

that become gradually more predictable. Autistic and non-autistic 

adolescents showed similar patterns of motor system activation during 

observation, as seen in attenuated mu and beta power compared to 

baseline, with beta power further modulated by predictability in both 

groups. Bayesian statistics confirmed that action predictability influenced 

beta power similarly in both groups. The groups also made similar 

behavioural predictions, as seen in three eye-movement measures. We 

found no evidence that autistic adolescents responded differently than 

non-autistic adolescents to the predictability of an observed action. These 

findings show that autistic adolescents do spontaneously predict others’ 

actions, both neurally and behaviourally, which calls into question the role 

of action prediction as a key mechanism underlying autism. 
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Action Predictability is Reflected in Beta Power Attenuation and Predictive 

Eye Movements in Adolescents with and without Autism 

 

Autism is a developmental condition characterised by differences 

in social communication, sensory sensitivities and restricted repetitive 

behaviours (Diagnostic and Statistical Manual of Mental Disorders, 5th 

edition; American Psychiatric Association, 2013). The former is 

characterised by reductions in joint attention, sharing pleasure, and 

engaging in co-operative play and reciprocal conversations. Various 

theoretical accounts of autism have attempted to identify cognitive and 

neural mechanisms underlying these social differences (for example, 

Theory of Mind Deficit Hypothesis, Baron-Cohen, Leslie, & Frith, 1985; 

Mirror Neuron Dysfunction Theory, Perkins, Stokes, McGillivray & Bittar, 

2010; Social Motivation Theory, Chevallier, Kohls, Troiani, Brodkin & 

Schultz, 2012). While these theories differ in their focus, they all posit that 

autistic individuals have difficulty understanding other people’s intentions. 

The understanding of a partner’s intentions is crucial for social interaction 

(Bekkering et al., 2009; Meyer, Bekkering, Paulus, & Hunnius, 2010; Sebanz, 

Bekkering & Knoblich, 2006), and relies on the ability to predict others’ 

actions. Importantly, while theoretical accounts of autism differ in their 

specific rationales, they all posit that autistic individuals show diminished 

intention understanding as measured by action prediction. Despite strong 

theoretical support for this idea, the empirical findings are very 

heterogeneous. 

There is some behavioural evidence that autistic individuals do 

predict others’ actions similarly to non-autistic children. For example, when 
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presented with videos of balls moving towards containers, autistic adults 

looked less at action targets than non-autistic adults, but when they did 

attend, they made predictive eye movements as quickly as the non-autistic 

group (Marsh, Pearson, Ropar & Hamilton, 2015). Five-year-old children 

with autism have also been shown to make predictive eye movements as 

quickly as 5-year-olds without autism while watching an actor place objects 

in a bucket, but not while watching the same objects move into the bucket 

without an actor present. Furthermore, in an active imitation task, autistic 

children did not differ from verbal-mental-age-matched non-autistic 

children in goal imitation or using imitation to complete a task in the 

optimal way (Hamilton, Brindley & Frith, 2007).  

However, there is also behavioural evidence showing that autistic 

individuals do have difficulty predicting the actions of others. Children with 

autism have more difficulty arranging pictures of everyday actions in 

chronological order than non-autistic children with and without intellectual 

disabilities (Zalla et al., 2006) and make more errors when asked to choose 

pictures representing the outcome of everyday actions than non-autistic 

children and children with intellectual disabilities (Zalla et al., 2010). 

Schuwerk and colleagues (2016) further showed that autistic children made 

fewer predictive eye movements than non-autistic children when 

observing an actor repeatedly performing an action. 

There has also been a large body of work on the neural signature of 

action prediction in autism. The prediction of others’ actions is 

implemented through motor system activation (Kilner et al., 2004; 2007; 

Monroy, Meyer, Schröer, Gerson & Hunnius, 2019; Schubotz, 2007), and 

the Mirror Neuron Dysfunction theory posits a reduction in this activation 
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in autism (Williams, Whiten, Suddendorf & Perrett, 2001; Perkins, Stokes, 

McGillivray & Bittar, 2010). Motor system activation can be measured with 

EEG over the sensorimotor cortex, and is typically seen as a decrease in 

power in mu and beta frequency bands. Some empirical studies have 

indeed shown less mu suppression in autistic participants than in non-

autistic participants during action observation (Bernier, Dawson, Webb & 

Murias, 2007; Enticott et al., 2012; Oberman et al., 2005; Oberman et al., 

2013). For example, in one study, a group of autistic adults and age-

matched non-autistic adults both showed mu suppression while observing 

their own simple hand movements, but only the non-autistic group also 

showed mu suppression while observing another person’s simple hand 

movements (Oberman et al., 2005). However, again, the findings are 

mixed, with some studies showing no difference between groups in such 

paradigms (Oberman et al., 2008; Avikainen, Kulomӓki & Hari, 1999; Fan, 

Decety, Yang, Liu, & Cheng, 2010; see Southgate & Hamilton, 2008 for a 

broader critique). 

Based on these conflicting results, some have proposed that 

autistic individuals predict simple actions similarly to non-autistic 

individuals, but that in circumstances in which the progression of the action 

is less predictable, for example when there are more potential outcomes, 

autistic individuals predict less than non-autistic individuals (Schuwerk, 

Sodian & Paulus, 2016; Braukmann et al., 2018). The conflicting findings 

above may therefore be a consequence of the field mostly focussing on 

simple hand movements (Avikainen et al., 1999; Enticott et al., 2012; Fan et 

al., 2010; Oberman et al., 2005) or single-step actions such as actors 

placing items in a bucket (Falck-Ytter, 2010) or in their mouth (Cattaneo et 
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al., 2007). This line of reasoning is consistent with findings from other 

domains which suggest that autistic individuals differ more from non-

autistic individuals when the environment is more uncertain (Karaminis et 

al., 2016; Lawson, Mathys & Rees, 2017; van de Cruys, van der Hallen & 

Wagemans, 2017). For instance, in an associative learning task, autistic 

adults differed from IQ-matched non-autistic adults most in their responses 

to unexpected events, which modelling showed was due to an 

overestimation of environmental volatility (Lawson, Mathys & Rees, 2017). 

In order to best understand the circumstances in which action 

understanding in autistic individuals differs from that in non-autistic 

individuals, the next step is to focus on how observers build these 

predictions over the course of actions that have more unpredictable 

progressions. We therefore examined action prediction as indexed by 

neural and behavioural responses during actions that become gradually 

more predictable. 

Actions with multiple steps become gradually more predictable 

over time, as observers accumulate evidence with which to infer the 

actor’s goal. Action predictability has been shown to modulate motor 

system activation, and has been observed specifically in the beta frequency 

band. During participants’ own movements, for example, Tzagarakis and 

colleagues (2010) found that MEG-recorded beta power decreased more 

from baseline during actions with less response uncertainty. Tan and 

colleagues (2016) showed that beta power over sensorimotor cortex 

immediately following a movement was reduced when uncertainty derived 

from a Bayesian model was high, and the authors claim that beta power is 

related to uncertainty in the internal model (although see Palmer, 
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Zapparoli & Kilner, 2016 for comment on the direction of the effect). 

Similar effects have also been shown during action observation. For 

example, van Pelt and colleagues (2016) showed that MEG-recorded beta 

power increased parametrically with the predictability of an observed 

action’s kinematics and outcome. Additionally, Braukmann and colleagues 

(2017) found that during a multi-step action, EEG-recorded mu power over 

the vertex was lower during action observation than baseline, but that only 

beta power over the vertex decreased incrementally as the unfolding 

action became more predictable to the observer. Concurrent eye-tracking 

supported this interpretation of beta as an index of predictability, with 

more frequent, longer and earlier predictive fixations to later action steps, 

showing that participants integrated the accumulating evidence to form 

stronger predictions as the actions unfolded. 

Beta power and predictive eye movements therefore seem to also 

be useful measures of the predictability of an action, we therefore examine 

the beta band in addition to the mu band in the current study. If the mixed 

findings regarding mu suppression in autistic individuals during action 

observation are indeed due to differences in the predictability of actions 

used as stimuli, then we would expect to see differential modulation of mu 

power by action predictability in autistic and non-autistic individuals. If, 

however, the beta frequency is in fact the better index of action 

predictability, the inconsistencies in the mu-power literature remain 

unexplained. It is an open question whether action predictability does 

explain the difference between autistic and non-autistic observers. 

Since action predictability facilitates processing, and theoretical 

accounts claim that autistic individuals have difficulties understanding 
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actions and may predict others’ actions less, or in a different manner, we 

assessed whether autistic observers show weaker or slower predictions 

than non-autistic observers to less predictable actions. In order to quantify 

this, we measured observers’ mu and beta power and predictive eye 

movements during observation of multi-step actions that become 

incrementally more predictable. We expected that mu power would be 

reduced during action observation compared to baseline, but that it would 

be unaffected by predictability during the unfolding of the multi-step 

actions in non-autistic participants (Braukmann et al., 2017). If action 

predictability is indeed the source of the mixed findings described above, 

then we should also see group differences in mu modulated by 

predictability.  

In contrast, we expected that beta power would be modulated by 

predictability in non-autistic participants (Braukmann et al., 2017). We 

therefore expected that this would be the critical comparison between 

autistic and non-autistic individuals,  

Current study 
The true nature of action prediction in autism is unclear, due to the 

large number of contradictory findings. Recent work has suggested that 

autistic individuals may primarily differ from non-autistic individuals when 

the observed actions are unpredictable, but this idea has yet to be 

empirically tested. We therefore conducted an action observation study 

using the same design as Braukmann and colleagues (2017) with autistic 

and non-autistic adolescent participants. As a preliminary check of the 

basic mirror neuron dysfunction theory, we assessed whether autistic 

participants show less mu attenuation during action observation than non-
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autistic participants (as seen, for example, by Bernier, Dawson, Webb & 

Murias, 2007; Enticott et al., 2012; Oberman et al., 2005; Oberman et al., 

2013). We then assessed our main research question: whether autistic 

observers’ mu and beta power parametrically decreased during 

observation of multi-step actions, as the action goal became more 

predictable, and whether their predictive eye movements increased over 

the same time period. If autistic participants have difficulty with all action 

prediction, we would expect that compared to non-autistic peers, autistic 

participants would show less mu and beta attenuation and less behavioural 

prediction as measured by anticipatory fixations. If, however, autistic 

participants only make fewer predictions when actions are more uncertain, 

we would expect that they would show reduced beta attenuation and 

behavioural predictions only to initial action steps. As the actions progress, 

participants can accumulate evidence from the preceding steps, so we 

would expect that autistic and non-autistic participants would differ less in 

their predictions at later steps. 

Method 

Participants 
In total, 58 participants visited the lab: 27 participants with an 

autism diagnosis and 31 participants without. Two non-autistic participants 

began to feel unwell before data acquisition began, leaving 56 participants 

in the current dataset (27 autistic; 29 non-autistic). All 56 participants 

contributed EEG data, and 53 contributed both EEG and eye-tracking data 

(26 autistic). All participants were between the ages of 12 and 18, and 

participants in the autistic group had a diagnosis of Autism Spectrum 

Disorder according to the DSM-5 (APA, 2013), or with Asperger’s 
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Syndrome, Autistic Disorder or Pervasive Developmental Disorder Not 

Otherwise Specified according to the DSM-IV (APA, 2000). Interested 

participants were only invited to take part if they or their parents or 

caregivers reported no history of epilepsy, no current serious psychiatric 

illness, and no uncorrected vision problems.  

The mean age of the autistic participants was 15.03 years, and 

the mean age of the non-autistic participants was 15.58 years. The groups 

did not differ significantly in age or in IQ, as measured by the short-form 

WISC-III (Wechsler, 1991) for participants aged 15 and under, and the 

WAIS-IV (Wechsler, 2008) for participants aged 16 and over. The range of 

IQ scores was slightly wider in the autistic group (78 – 131) than the non-

autistic group (85 – 137). The autistic group did show higher levels of 

alexithymia as measured by the Bermond-Vorst Alexithymia 

Questionnaire (BVAQ, Vorst & Bermond, 2001) and more autism 

symptoms as measured by the Social Communication Questionnaire 

(SCQ, Berument et al., 1999; Rutter et al., 2003; see Table 1). Two 

participants in the non-autistic group reported after data collection that 

they did suspect they may be autistic, but their SCQ scores indicated that 

autism is very unlikely and they were kept in the non-autistic group. Due 

to violation of the assumption of equal variance, degrees of freedom 

have been adjusted using the Welch approximation. Parents or caregivers 

of 24 of the autistic participants also completed the Autism Diagnostic 

Interview-Revised (ADI-R; Lord, Rutter & Couteur, 1994) to confirm their 

children’s diagnoses. 
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Table 1 Participant characteristics: Mean (standard deviation) 
 

Group N Age IQ SCQ BVAQ 

Autistic 27 15.03 (852 days) 109 (14.6) 16.5 (7.38) 114 (16.5) 

Non-autistic 31 15.58 (660 days) 109 (11.2) 4.0 (3.61) 104 (16.0) 

Statistic  t(47.01) = -0.93,  
p = .35 

t(46.71) = -0.39,  
p = .70 

t(32.83) = 7.57,  
p < .0001 

t(27.38) = 33.07,  
p < .0001 

 

This study was approved by the medical ethics committee 

(Commissie Mensgebonden Onderzoek Arnhem-Nijmegen, protocol 

NL49584.091.14). Recruitment was done via local schools, online flyers, 

and Karakter, a child and adolescent psychiatry clinic. Participants 

received a reimbursement of their travel costs and €20 in gift vouchers as 

a thank you for taking part. 

Materials 
Stimuli. The current study used an adapted version of the task 

used by Braukmann and colleagues (2017). The stimuli consisted of 27 

unique videos of a woman with her face hidden behind a wide-brimmed 

hat performing various everyday actions, for example putting money in a 

purse and then the purse into a handbag (see Figure 1A). Each action was 

divided into three steps, and each step had a target, in this case the first 

target was the money, the second was the purse and the third was the 

handbag. The three targets provide information about the gist of the 

scene, but the action course is uncertain until the actor begins to move. 

The action course then becomes incrementally more predictable as the 

targets are used and there are fewer remaining possible sub-steps. 
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Rectangular Areas of Interest around each target were defined according 

to Braukmann and colleagues (2017). 

In addition to the stimuli used by Braukmann and colleagues 

(2017), we also added a condition in which the action targets were 

occluded (see Figure 1B). During any action observation, there is a build-up 

of motor activity over the course of a trial merely due to observing an actor 

move for longer. In the current study, actions become more predictable 

over time, and this is confounded with time spent observing someone 

move. We therefore introduced occluded trials in which activation can only 

be due to global movement of the actor, but not to predicting the specific 

action targets, to dissociate these two sources of activation. The occluded 

condition consisted of the original stimulus videos with the addition of 

occluders consisting of grey boxes covering the objects, such that the 

model’s actions were broadly visible but there was no direct visual access 

to the objects and thus the targets of the action were unknown to the 

observer. The video clips varied in length slightly, but lasted around 10 

seconds.  

Figure 1: Stills taken from an example trial, unoccluded (A) and occluded 

(B).  

A 

 

 

B 
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Apparatus. Electroencephalography (EEG) was recorded from 32 

Ag/AgCl active electrodes in an EEG cap (ActiCap, Brain Products, Munich, 

Germany) using BrainVision Recorder, via a BrainAmp amplifier 

(BrainVision Products, Munich, Germany). EEG was recorded 

continuously, with an online reference at the left mastoid, at a sampling 

frequency of 1000Hz and with a band-pass filter (0.1–125 Hz). EOG was 

measured from four passive electrodes; one placed at each outer canthus 

and one above the left eye and one below the left eye, with a reference 

on the chin. Eye-movements were recorded from all participants for 

whom we could achieve a successful calibration with an SMI RED500 

remote eye-tracker and iView software (SensoMotoric Instruments 

GmbH, Teltow, Germany) at a sampling frequency of 500Hz. Stimuli were 

presented with Presentation software (versions 20.2 and 20.3, 

Neurobehavioral Systems, Albany, CA, USA) on a 27” BenQ XL2420Z 

monitor. 

Procedure 

Participants were informed about the procedure and asked if they 

had any questions before the experiment began. Parents generally stayed in 

the room during preparation. When participants were ready to begin, they 

were fitted with the EOG electrodes and the EEG cap with electrodes 

already placed in the rings. Impedances of the active electrodes were 

improved by adding gel until they were below 25 kOhm or the participant 

no longer tolerated the procedure. Impedances of the passive EOG 

electrodes were kept below 100kOhm. 

Participants were seated 60-70 cm from the screen, and a 9-point 

eye-tracking calibration and 4-point validation was carried out directly 
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before the stimulus presentation started, and immediately repeated if 

the pupils were lost or validation was deemed unsatisfactory. Participants 

were asked to sit still during stimulus presentation, and were told to 

watch the videos passively, with no behavioural task. They saw each of 

the 27 videos repeated 4 times; twice with occluders and twice without, 

to give a total of 108 trials. The trials were split into 4 blocks of around 10 

minutes each and participants took short breaks between blocks. 

Data analysis 

EEG data processing. EEG data were analysed using Matlab 

(R2014b, The Mathworks Inc., Natick, MA, 2000) and the Fieldtrip toolbox 

(Oostenveld, Fries, Maris, & Schoffelen, 2011) according to the analysis 

protocol of Braukmann and colleagues (2017). Each trial was segmented 

into one 1000ms baseline period during the fixation cross, and three 

1200ms segments corresponding to the three action steps. Action step 

segments were defined as the 1200ms preceding the hand of the actor 

entering the Area of Interest surrounding the target for that step, and 

these segments were separately detrended, demeaned and band-pass 

filtered between 1 and 45Hz, and baseline-corrected to a window of 

1000ms during the fixation cross. 

All channels and all trial segments were then separately visually 

inspected, and channels and segments with excessive noise or high-

frequency activity associated with movement artifacts were inferred to 

represent non-neural sources and were rejected from further analysis. 

Independent Component Analysis was then used in conjunction with the 

EOG signal to identify components with spatial distribution and physical 

characteristics of eye movements and heartrate artifacts. These 
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components were rejected manually, and the data were reconstructed. 

The data from previously rejected channels were then interpolated from 

the nearest neighbours and data were re-referenced to the average of all 

channels. A second round of visual artifact rejection then took place to 

remove any remaining artifacts. One autistic participant was excluded 

from further analysis at this point due to excessively noisy data, leading 

to a final sample of 55 participants (26 autistic). All data were then Fast 

Fourier Transformed using a multi-taper frequency transformation, and 

each action step segment was baseline-corrected by taking the log of the 

power during the action step divided by the power during the nearest 

preceding baseline segment. 

EEG statistical analysis. In order to maximise comparability with 

the original study (Braukmann et al., 2017), to quantify the effect of 

action step and occlusion on motor system activation, average values of 

mu (8-12 Hz) and beta (15-25 Hz) power recorded at Cz during each 

action step were extracted for each participant. We then ran one-tailed 

one-way t-tests on each frequency band to determine whether power 

during action observation was on average lower than power during 

baseline, to test for overall attenuation during action observation. Then, 

to investigate the role of action step, we ran repeated measures ANOVAs 

for each frequency band, each with Action Step and Occlusion as within-

subjects factors and Group as a between-subjects factor. We then used 

Bayesian statistics to quantify the amount of evidence in favour of or 

against each effect. We expected to see reduced beta and mu power 

during action observation compared to baseline in the non-autistic 

participants. We also expected to see parametric attenuation of beta 
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power by action step, but no effect of action step in the mu frequency 

band, consistent with findings from Braukmann and colleagues (2017). In 

the beta band, we expected that Action Step and Group would interact, 

with autistic participants showing less of a decrease in power from 

baseline at the beginning of the action compared to non-autistic 

participants, with the groups converging at the final action step when 

there was less uncertainty about the upcoming event. Furthermore, we 

expected an interaction between Action Step and Occlusion in the beta 

frequency band, such that the occluded stimuli would elicit less of a 

parametric modulation of beta power since occluded stimuli should not 

have become incrementally more predictable as the multi-step action 

progressed. 

In order to investigate whether participants with more autism 

symptoms showed less action prediction, we also calculated a correlation 

between SCQ score and beta attenuation over action steps. This analysis 

was exploratory and not pre-specified. 

Eye-tracking data processing. The eye-tracking data were also 

analysed according to the previous study (Braukmann et al., 2017). Data 

were classified into fixations with a minimum duration of 50ms and a 

peak velocity of 40°/s in BeGaze 3.0 software (SensoMotoric Instruments 

GmbH, Teltow, Germany). Two autistic participants were excluded from 

further analysis due to technical problems during recording resulting in 

fewer than 5 recorded fixations, leading to a final sample of 51 

participants (24 autistic). 

Fixations within areas of interest surrounding the objects in the 

stimulus videos were then extracted and processed further in Matlab 
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(R2014b, The Mathworks Inc., Natick, MA, 2000). Two time windows of 

interest were determined for each action step: a predictive time window 

and a reactive time window. Predictive time windows began when the 

actor began to move their hand towards the target for that action step, 

and ended when the hand entered the target area of interest. This 

marked the beginning of the reactive time window. The end of the 

reactive time window was set such that the predictive and reactive time 

windows for each step had equal duration. 

Eye-tracking statistical analysis. In order to quantify behavioural 

predictions during the experiment, we calculated three dependent eye-

tracking measures: Predictive Looking Time, Predictive Gaze Onset and 

Predictive Count Ratio (cf. Braukmann et al., 2017). Predictive Looking 

Time is the duration of all fixations to an object during the predictive time 

window, as a percentage of the length of the predictive time window. 

Predictive Gaze Onset is the time between the onset of the first fixation 

to the object and the arrival of the actor’s hand in the area of interest. 

Predictive Count Ratio is the number of trials in which a fixation was 

made to an object during the predictive time window divided by the 

number of trials in which there was no predictive fixation but a fixation 

was made to the object during the reactive time window. Action steps in 

which no fixations were made to the target object were excluded from 

this measure. For each of these three dependent measures we again 

computed a repeated measures ANOVA with Action Step and Condition 

as within-subjects factors and Group as a between-subjects factor. We 

then used Bayesian statistics to quantify the amount of evidence in 

favour of or against each effect. We expected to see an increase in all 
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three measures over action steps, and if the autistic participants made 

fewer predictions or formed predictions more slowly, we would expect to 

see an Action Step by Group interaction. 

Results 

EEG 
Mu power. Visual inspection revealed that changes in mu power 

from baseline were focused near the vertex, notably mostly centred above 

C3 and C4 electrodes, consistent with the fact that the observed actions 

involved mostly the hands and arms (see Supplementary Figure 1). A one-

tailed one-sample t-test confirmed that average mu power per participant 

measured at Cz was lower than baseline during action observation (t(54) = -

6.60, p < .0001, Cohen’s d = -0.89), indicating activation of the motor 

system. The ANOVA comparing mu power over action step, occlusion and 

group showed no main effect of action step (F(2, 106) = 1.75, p = .18, η2 = 

0.003), no main effect of occlusion (F(1, 53) = 0.003, p = .96, η2 = 0), no 

main effect of group (F(1, 53) = 1.89, p = .18, η2 = 0.028), and no 

interactions (see Figure 2). Effect sizes were calculated with the sjstats R 

package (Lüdecke, 2021). Levene’s test showed that the data satisfied the 

assumption of homogeneity of variance (F(11, 318) = 1.44, p = .15), and 

visual inspection confirmed the normality of distribution of the residuals. 
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Figure 2: Mu power as a function of action step. Error bars indicate 95% 

confidence intervals. Mu power was not modulated by group, action step 

or occlusion.  

 

 

The Bayesian ANOVA for mu power showed that there was 

moderate evidence for a null effect of action step (BF = 0.199, log(BF) = -

1.62) and occlusion (BF = 0.12, log(BF) = -2.12) and approximately as much 

evidence for the null and alternative hypotheses regarding group (BF = 

0.781, log(BF) = -0.25). We therefore conclude that action step and 

occlusion of the target objects do not modulate mu power, but we cannot 

draw any firm conclusions about the effect of autism diagnosis on mu 

power during action observation. It seems likely that if there is a true group 

difference in overall mu power for these stimuli, the effect is small and the 

current experiment was not designed to detect it. 

Beta power. Visual inspection revealed that changes in beta power 

from baseline were diffuse, presumably reflecting the domain general 

nature of the predictions (see Supplementary Figure 2). A one-tailed one-
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sample t-test confirmed that mean beta power per participant measured at 

Cz was lower than baseline during action observation (t(54) = -8.53, p < 

.0001, Cohen’s d = -1.15), indicating motor system activation. The ANOVA 

comparing beta power over action step, occlusion and group showed a 

main effect of action step (F(2, 106) = 25.15, p < .0001, η2 = 0.053), a main 

effect of occlusion (F(1, 53) = 5.68, p = .02, η2 = 0.004), and no main effect 

of group (F(1, 53) = 0.27, p = .61, η2 = 0.003; see Figure 3). The main effect 

of occlusion was driven by lower beta power during occluded trials (M = -

0.15, SD = 0.15) than during unoccluded trials (M = -0.14, SD = 0.15). To 

further assess the main effect of action step, planned comparisons 

between steps were conducted with paired-samples t-tests. These showed 

that beta power during step 1 (M = -0.10, SD = 0.13) was significantly 

higher than beta power during step 2 (M = -0.15, SD = 0.15; p = .007) and 

step 3 (M = -0.18, SD = 0.15; p = .00032), but beta power during step 2 was 

not significantly different from power during step 3 (p = .12). There were 

no significant interactions, but the interaction between action step and 

occlusion was close to the significance threshold (F(2, 106) = 3.03, p = .053, 

η2 = 0.005). Effect sizes were calculated with the sjstats R package 

(Lüdecke, 2021). Levene’s test showed that the data satisfied the 

assumption of homogeneity of variance (F(11, 318) = 1.20, p = .29), and 

visual inspection confirmed the normality of distribution of the residuals. 
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Figure 3: Beta power as a function of action step. Error bars indicate 95% 

confidence intervals. Beta power was lower for occluded compared to 

unoccluded trials and beta power was modulated by action step across trial 

types. There were no significant group effects.  

 

 The Bayesian ANOVA for beta power showed very strong evidence 

for a main effect of step (BF = 895200000, log(BF) = 20.61), with post-hoc 

tests showing that there is very strong evidence for a difference between 

Step 1 and Step 2 (BF = 6143, log(BF) = 8.72), between Step 1 and Step 3 

(BF = 3488000, log(BF) = 15.07) and moderate evidence for a difference 

between Step 2 and Step 3 (BF = 3.533, log(BF) = 1.26). Further, the test 

showed approximately as much evidence for and against a null effect of 

occlusion (BF = 0.635, log(BF) = -0.45), and moderate evidence for a null 

effect of group (BF = 0.39, log(BF) = -0.93). The crucial interaction between 

Action Step and Group showed moderate evidence for a null effect (BF = 

0.27, log(BF) = 0.94). 
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 Since there was a large range of SCQ scores (range: 0 – 25, with 

scores of over 11 suggesting autism), indicating that participants had fairly 

diverse levels of social communication skills, and given the heterogeneity 

of autism (Masi et al., 2017), we further investigated whether this 

continuous measure of autism characteristics predicted decrease in beta 

power over action steps. To this end, we ran a linear regression per 

participant with Action Step predicting beta power, and extracted the β co-

efficient that characterised the slope of beta power over action steps. Due 

to the non-normality of the SCQ score distribution even after 

transformation, we decided to perform a Spearman’s rank correlation 

between β coefficients and the raw SCQ scores. There was no monotonic 

relationship between β co-efficient and SCQ score (ρ = 0.19, p = 0.19, N = 

55), giving no indication that autism characteristics predict the change in 

beta power over action steps (see Figure 4). 

 
Figure 4: Individual differences in the slope of the individual regression line 
of beta power change over action steps and their relation to participants’ 
SCQ scores.  
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Regarding the occlusion manipulation, designed to serve as a 

control condition in which participants made no predictions, the results 

were somewhat surprising; We saw no evidence of an effect of occlusion 

on the mu power band, and some suggestion of more predictions during 

occluded trials in the beta power band. The occluded trials were intended 

to elicit no predictions, but the results as well as informal participant 

reports showed that this was not the case. During data collection, 

participants reported trying to guess which objects were being hidden on 

the occluded trials, and, if anything, beta power indicated more active 

prediction formation in the presence of fewer environmental cues. The 

effect of occlusion was not the focus of this study, but this result urges 

caution in selecting control stimuli for action prediction paradigms. 

Eye-tracking 
The planned repeated measures ANOVAS were not feasible due to 

missing values for multiple participants. This is unsurprising as the 

measures could only be computed if there was a reliable signal from the 

eye-tracker and participants made predictive eye movements, neither of 

which can be taken for granted in the current study. In order to allow for 

missing data, we proceeded with a multi-level modelling approach with the 

pre-specified fixed effects of Action Step, Occlusion and Group, and an 

additional random intercept of Participant. Models with random intercepts 

by Participant as well as a random slope of Action Step by Participant 

returned as singular, so the slope term was dropped. Contrasts were set as 

sum-to-zero coding, so all effects are in reference to the grand mean. t 

values of more than |1.96| were considered as significantly different from 

zero. Variance explained by the models (R2) was calculated using the 
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method explained by Snijders and Bosker (2012), in the mitml package 

(Grund, Robitzsch & Luedtke, 2019). Bayes Factors for model comparison 

are calculated as: 

𝐵𝑎𝑦𝑒𝑠 𝐹𝑎𝑐𝑡𝑜𝑟 ≈ 𝑒
(
𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑖𝑛 𝐵𝑎𝑦𝑒𝑠𝑖𝑎𝑛 𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝐶𝑟𝑖𝑡𝑒𝑟𝑖𝑎

2)⁄
 

(Masson, 2011). 

Predictive Looking Time. Predictive looking time was defined as 

the total duration of fixations during the predictive time window as a 

percentage of the length of the predictive time window. This gives a 

measure of how long participants looked at objects during the actor’s 

reach towards the objects, standardised for the duration of the reach. This 

predictive looking time was longer for non-autistic participants than 

autistic participants, indicating that autistic participants were less 

anticipatory than non-autistic participants, and longer for later action 

steps, indicating that as the action progressed it became more predictable. 

This change in predictive looking time over action steps was less steep for 

occluded compared to non-occluded trials. Overall, the participants were 

more anticipatory in later action steps than earlier steps, but this 

relationship was weakened by the occlusion of the targets. The model 

showed that Predictive Looking Time was modulated by Action Step (Step 

1: β = -0.05, SE = 0.005, t = -9.67; Step 2: β = 0.002, SE = 0.005, t = 0.42), 

Occlusion (Occluded trials: β = -0.02, SE = 0.003, t = -5.84) and Group 

(Autistic group: β = -0.02, SE = 0.008, t = -2.12), qualified by an interaction 

between Step and Occlusion (Step 1, Occluded trials: β = 0.01, SE = 0.005, t 

= 2.07; Step 2, Occluded trials: β = -0.004, SE = 0.005, t = -0.80; see Figure 

5A and supplementary table 1 for regression output). This model explained 

approximately 26% of the variance. Removing the Group and Group by 
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Action Step interaction terms produced a model which better explained 

the data, with a BIC approximately 57 less than the full model (BIC full 

model: -509.03, BIC reduced model -565.73), and this reduced model 

explained around 27% of the variance. The Bayes Factor for the difference 

in models is 2384474784798, log(BF) = 28.5, indicating very strong 

evidence for the absence of a group effect and group by action step 

interaction. 

Predictive Gaze Onset. Predictive gaze onset was defined as the 

time between the first predictive fixation and the arrival of the actor’s hand 

at the target area of interest. Notably, this first fixation could occur before 

the start of the predictive time window, in order to capture larger-scale 

predictions. This measure was longer for later action steps than earlier 

action steps, and longer during unoccluded trials than during occluded 

trials, indicating that the actions became more predictable as they 

progressed, and that unoccluded trials were more predictable that 

occluded trials. Predictive gaze onset was not significantly different 

between autistic and non-autistic participants, indicating that both autistic 

and non-autistic participants made behavioural predictions.  The model 

showed that Predictive Gaze Onset was modulated by Step (Step 1: β = -

221.35, SE = 16.46, t = -13.45; Step 2: β = 42.910, SE = 16.457, t = 2.607) 

and Occlusion, but the groups did not differ significantly (Autistic group: β = 

-9.73, SE = 17.85, t = -0.55). The main effects were qualified by an 

interaction between Step and Occlusion (Step 1, Occluded trials: β = 39.34, 

SE = 16.42, t = 2.40; Step 2, Occluded trials: β = -31.43, SE = 16.42, t = -1.91; 

see Figure 5B and supplementary table 2 for regression output). This model 

explained approximately 40% of the variance. Removing the Group and 
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Group by Action Step interaction terms produced a model which was a 

worse fit for the data, with a BIC approximately 15 higher than the full 

model (BIC full model: 3916.92, BIC reduced model 3931.67), with the 

reduced model explaining around 39% of the variance. The Bayes Factor for 

the difference in models is 0.0005, log(BF) = -7.5, indicating very strong 

evidence for model including a group effect and group by action step 

interaction. 

Predictive Count Ratio. Predictive count ratio was defined as the 

ratio of trials in which participants made predictive fixations to trials in 

which they made only reactive fixations. Predictive count ratio was larger 

to later action steps than earlier steps, and larger to unoccluded trials, 

indicating that participants were more anticipatory in later action steps 

than earlier steps, and to unoccluded compared to occluded trials. The 

model showed an effect of Step (Step 1: β = -0.19, SE = 0.02, t = -11.08; 

Step 2: β = 0.02, SE = 0.02,  t = 0.95) and Occlusion (Occluded trials: β = -

0.06, SE = 0.01, t = -5.106) but no effect of Group (Autistic group: β = -0.02, 

SE = 0.02, t = -1.14). There were no significant interactions (see Figure 5C 

and supplementary table 3 for regression output). This model explained 

approximately 33% of the variance. Removing the Group and Group by 

Action Step interaction terms produced a model which better explained 

the data, with a BIC approximately 43 less than the full model (BIC full 

model: 94.58, BIC reduced model 51.32), and the reduced model explained 

around 33% of the variance. The Bayes Factor for the difference in models 

is 2174359554, log(BF) = 21.5, indicating very strong evidence for the 

absence of a group effect and group by action step interaction. 
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The models explain the eye-tracking data very well, with high R2 

values. Taken together, the three measures show converging evidence of 

an effect of action step, such that participants predicted later action steps 

more than earlier steps, and converging evidence that participants 

predicted unoccluded trials more than occluded trials. Removing the terms 

representing group and the interaction between group and action step 

improved model performance for two of the three measures. This is 

consistent with the parameter estimates, with autistic participants only 

significantly different from non-autistic participants on the Predictive 

Looking Time measure. Autistic participants therefore do predict upcoming 

action steps spontaneously during action observation, but they fixate the 

targets of those upcoming actions for less time than non-autistic 

participants. This shorter fixation length may have implications for depth of 

processing, especially for the first action step, in which the autistic 

participants on average fixated the targets for around half the length of the 

non-autistic participants’ average. 
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Figure 5: Eye-tracking measures as a function of action step. A: Predictive 

Looking Time. B: Predictive Gaze Onset. C: Predictive Count Ratio. 

A 

B 

C 
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Discussion 
Previous work on action prediction in autism has yielded mixed 

findings, and it has been suggested that one factor influencing this 

inconsistency is the level of uncertainty in the observed actions (Schuwerk, 

Sodian & Paulus, 2016; Braukmann et al., 2018). The current experiment 

therefore aimed to quantify the predictions made by adolescents with and 

without autism during observation of multi-step action sequences that 

gradually become less uncertain. Autistic and non-autistic adolescents 

showed activation of their motor systems as indexed by both mu and beta 

power, during action observation compared to baseline, and a stepwise 

modulation of beta power by action step showing that more predictable 

actions lead to more beta suppression. Bayesian statistics further provided 

moderate evidence for the lack of an interaction between group and action 

step. Both groups also showed behavioural predictions as measured by 

three eye-movement measures. We found no evidence that the groups 

differed in neural or behavioural predictions, and conclude that autistic 

individuals spontaneously predict observed actions, contrary to many 

theories of autism. 

We specifically aimed to build on the work of Braukmann and 

colleagues (2017), who showed that motor system activation increased in 

response to increasingly predictable action steps when measured in the 

beta frequency band but not in the mu frequency band. We successfully 

replicated these findings: Both mu and beta power were attenuated during 

action observation compared to baseline, and the beta rhythm showed 

modulation by action step, while the mu rhythm did not. These findings 

together confirm that mu and beta power are both signatures of the motor 

system response but that they reflect different processes: mu power 
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indexes general activation of the motor system while beta power 

specifically responds to action predictability. This is consistent with 

previous findings relating beta power to uncertainty (Palmer et al., 2016; 

Tan et al., 2016; Tzagakiris et al., 2010), action familiarity (Gerson, Meyer, 

Hunnius & Bekkering, 2017), and action errors (Meyer, Braukmann, Stapel, 

Bekkering & Hunnius, 2016). In addition, participants made more predictive 

fixations and spent more time predictively fixating later action steps, and 

the onset of their fixations to the later action steps were more anticipatory 

than those to the earlier action steps. This confirms that participants were 

able to use the accumulating evidence over the course of the action to 

better predict the later action steps. 

Crucially, we also examined whether these findings were different 

in autistic and non-autistic observers. We saw no group differences in 

power in either the mu or beta frequency band. Furthermore, we observed 

no group differences in the Predictive Onset or the Predictive Count Ratio 

measures extracted from the eye-tracking data. The only group difference 

we did observe was a main effect in the Looking Time measure. Autistic 

participants spent less time looking at the upcoming action goal than non-

autistic participants, but this was not modulated by action step and not 

reflected in their prediction onset or ratio of predictive to reactive 

fixations. We therefore conclude that while autistic participants may show 

slightly lower levels of behavioural predictions, they are capable of making 

them and do so spontaneously during action observation. 

The lack of an effect of group in the EEG data was contrary to the 

idea that autistic participants may activate their own motor systems less 

than non-autistic participants during action observation only under 
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conditions of uncertainty (Schuwerk, Sodian & Paulus, 2016; Braukmann et 

al., 2018). However, this theoretical proposal was developed in order to 

address an inconsistency in the literature, that is, that some results show 

reduced motor system activation in autistic participants while others do 

not. Unfortunately, the literature consists of studies with very small 

samples; both those showing this group difference (e.g. 17 participants 

with autism and 16 without; Bernier, Dawson, Webb & Murias, 2007; 7 

with autism and 8 without; Cattaneo et al., 2007; 34 with autism and 36 

without; Enticott et al., 2012; 10 with autism and 10 without; Oberman et 

al., 2005) and those that do not detect a group difference (e.g. 13 with 

autism and 13 without; Oberman et al., 2008; 5 with autism and 8 without; 

Avikainen, Kulomӓki & Hari, 1999; 20 with autism and 20 without; Fan, 

Decety, Yang, Liu, & Cheng, 2010) have very low power. As such, previously 

reported effects are not likely to be reliable (Ioannidis, 2005; Button et al., 

2013). This highlights the importance of conducting well-powered studies 

for the progression of the field, since theoretical work building on an 

underpowered literature base may be misdirected. 

To attempt to more precisely quantify the amount of evidence for 

the null and alternative hypotheses, in addition to the frequentist analysis 

techniques comparable to those in previous studies we also conducted 

Bayesian statistics. We saw moderate evidence for the absence of a group 

effect on beta power; it seems that autistic participants predicted the 

multi-step actions to the same extent as non-autistic participants. Mu 

power was not modulated by action step, suggesting that beta and mu 

power fulfil different functions in action understanding (Gerson, Meyer, 

Hunnius & Bekkering, 2017; Meyer, Braukmann, Stapel, Bekkering & 
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Hunnius, 2016), and that this distinction is also present in autistic 

individuals. We also did not detect group differences in two out of three 

eye-tracking measures. We interpret these findings as converging evidence 

that autistic adolescents do predict others’ actions spontaneously during 

action observation, and that any difficulties in social interactions are not 

caused by a fundamental difference in the neural or behavioural prediction 

processes.  

The Bayesian analyses were largely in agreement with the 

frequentist analyses, with the added benefit of indicating that some non-

significant frequentist terms may be worth further exploration because the 

evidence was equivocal regarding presence or absence of an effect. 

Specifically, the lack of a group difference in mu power in the frequentist 

ANOVA is qualified by a Bayes factor close to 1, so future studies targeting 

mu power differences in autistic and non-autistic participants may need to 

increase sample size or optimise stimuli to elicit more mu activity. 

Statistical justifications are of course not necessarily an indication 

that our interpretation is valid outside the current sample, and our findings 

should be further explored with regard to generalisability. Our participants 

were of average to high intelligence and volunteered to participate in an 

EEG study which lasted 3 hours, was unfamiliar to the participants, and 

involved close contact with an experimenter during preparation. It is likely, 

therefore, that these autistic adolescents are not representative of the 

wider autistic population. This is a common situation in autism research 

and despite calls to include a more diverse range of participants (Russell et 

al., 2019), it remains a challenge for the field. This does not mean, 

however, that the current data should not be accommodated by autism 
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theories. Autism is heterogeneous, and theoretical accounts claiming to 

explain core mechanisms underlying the condition should apply to all 

autistic individuals. Furthermore, while not necessarily representing the 

larger autistic community, our autistic participants did clearly differ from 

our non-autistic participants in their social communication style as 

measured by the SCQ (Berument et al., 1999; Rutter et al., 2003) and their 

alexithymia traits as measured by the BVAQ (Vorst & Bermond, 2001). 

These differences demonstrate that the autistic group did in fact 

experience traits that various accounts purport stem from action 

understanding differences. 

The fact that the autistic participants did predict multi-step actions 

to the same extent as non-autistic participants forms a challenge for the 

claim that action understanding is a key element in the mechanisms 

underlying autism. While initial claims of a lack of mirroring were simplistic, 

adding nuance, for example by specifying additional parameters such as 

uncertainty, has thus far not led to an increased understanding of the 

mechanisms underlying autism. The sheer number of theories attempting 

to explain autism, and the growing body of conflicting empirical support, 

seems to point to a fundamental flaw in this approach (Astle & Fletcher-

Watson, 2020). More recently, theorists have proposed moving away from 

the search for symptom-centred mechanisms and instead looking for 

fundamental differences in neural coding (e.g., Lawson, Rees, & Friston, 

2014; Pellicano & Burr, 2012; van de Cruys et al., 2014), or even 

abandoning the idea that developmental disorders like autism have a single 

core mechanism (Astle & Fletcher-Watson, 2020; Happé, Ronald & Plomin, 

2006). Regardless of philosophy, it is clear that autism is more complex 
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than current theories have allowed for. If researchers continue to pursue 

an account of the mechanisms underlying autism, they will need to account 

for the diversity of autistic experience and its variation between contexts. 

Conclusion 

 The current study provides evidence that adolescents with and 

without autism predict observed actions in a broadly similar manner. Both 

groups showed reduced beta power as actions became more predictable 

and both groups made behavioural predictions by fixating upcoming action 

targets before the actor’s hand reached them. This is contrary to some 

theories and empirical findings regarding action observation and prediction 

in autism. Of course, additional well-powered studies will be needed to 

confirm, but should the findings be supported, theoretical accounts of 

autism will need to be adjusted to accommodate them. 
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Supplementary Figures 

 

Autistic Group   Non-autistic Group 

Supplementary Figure 1B: Scalp distribution of mu response to action observation 
compared to baseline 
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Autistic Group   Non-autistic Group 

Supplementary Figure 1B: Scalp distribution of mu response to action steps 
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Autistic Group  Non-autistic Group 

Supplementary Figure 2A: Scalp distribution of beta response to action 
observation compared to baseline 
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Autistic Group   Non-autistic Group 

Supplementary Figure 2B: Scalp distribution of beta response to action steps 
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Supplementary Table 1: Summary of Multi-level Model for Predictive 

Looking Time 

   

Fixed Effects Estimate Standard Error t Value 

Occlusion -0.023 0.004 -5.836 

Group -0.018 0.009 -2.115 

STEP 1 -0.053 0.005 -9.673 

STEP 2 0.002 0.005 0.417 

Occlusion * 

Group 

0.0008 0.004 0.215 

Occlusion * STEP 

1 

0.011 0.005 2.069 

Occlusion * STEP 

2 

-0.004 0.005 -0.800 

Group * STEP 1 -0.0009 0.005 -0.164 

Group * STEP 2 0.001 0.005 0.194 

Occlusion * 

Group * STEP 1 

0.004 0.005 0.733 

Occlusion * 

Group * STEP 2 

0.0009 0.005 0.165 

Random Effects Variance Standard 

Deviation 

 

Participant 0.003 0.05  

Residual 0.004 0.07  
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Supplementary Table 2: Summary of Multi-level Model for Predictive 

Gaze Onset 

  

Fixed Effects Estimate Standard Error t Value 

Occlusion -64.302 11.796 -5.451 

Group -9.731 17.848 -0.545 

STEP 1 -221.347 16.457 -13.450 

STEP 2 42.910 16.457 2.607 

Occlusion * 

Group 

-11.556 11.796 -0.980 

Occlusion * STEP 

1 

39.344 16.422 2.396 

Occlusion * STEP 

2 

-31.428 16.422 -1.914 

Group * STEP 1 -17.856 16.457 -1.085 

Group * STEP 2 -24.475 16.457 -1.487 

Occlusion * 

Group * STEP 1 

19.891 16.422 1.211 

Occlusion * 

Group * STEP 2 

1.824 16.422 0.111 

Random Effects Variance Standard 

Deviation 

 

Participant 9061 95.19  

Residual 39806 199.51  
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Supplementary Table 3: Summary of Multi-level Model for Predictive 

Count Ratio 

 

 

 

Fixed Effects Estimate Standard Error t Value 

Occlusion -0.062 0.012 -5.106 

Group -0.021 0.018 -1.144 

STEP 1 -0.1878 0.017 -11.082 

STEP 2 0.016 0.017 0.946 

Occlusion * 

Group 

0.017 0.012 1.416 

Occlusion * STEP 

1 

0.023 0.017 1.356 

Occlusion * STEP 

2 

-0.028 0.017 -1.646 

Group * STEP 1 -0.030 0.017 -1.798 

Group * STEP 2 0.0005 0.017 0.029 

Occlusion * 

Group * STEP 1 

-0.004 0.017 -0.237 

Occlusion * 

Group * STEP 2 

-0.014 0.017 -0.839 

Random Effects Variance Standard 

Deviation 

 

Participant 0.001 0.01  

Residual 0.04 0.21  
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Chapter 5: Implicit Learning in Three-Year-Olds with High 
and Low Likelihood of Autism Shows No Evidence of 

Precision Weighting Differences 
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year-olds with high and low likelihood of autism shows no evidence of 
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Abstract 
 

Predictive Processing accounts of autism claim that autistic individuals 

assign higher precision to their prediction errors than non-autistic 

individuals, that is, autistic individuals update their predictions more 

readily when faced with unexpected sensory input. Since setting the level 

of precision is a fundamental part of perception and learning, we propose 

that such differences should be detectable in various domains at a very 

early age, before clinical symptoms have fully emerged. We therefore 

tested 3-year-old younger siblings of autistic children, with a high likelihood 

of later receiving an autism diagnosis themselves, and low-likelihood 

children with an older sibling without autism. We used a novel implicit 

learning paradigm to examine the effect of sensory noise on the 

predictions participants built. In order to learn a sequence, our participants 

had to select which visual information to attend to and disregard low-level 

prediction errors caused by the sensory noise, which the theory claims is 

more difficult for autistic individuals. Contrary to the proposed higher 

precision-weighting of prediction errors in autism, the high-likelihood 

children did not show signs of updating their predictions more readily 

when we added sensory noise compared to the low-likelihood children, 

either in their reaction times or in the recurrence and determinism of their 

response locations. These results raise challenges for Predictive Processing 

theories of autism, specifically for the notion that prediction errors are 

inflexibly highly weighted by individuals with autism. 
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Implicit Learning in Three-Year-Olds with High and Low Likelihood of 

Autism Shows No Evidence of Precision Weighting Differences 

 

Autism is a common neurodevelopmental condition characterised by 

social communicative differences and restricted repetitive behaviours 

(Diagnostic and Statistical Manual of Mental Disorders, 5th edition; 

American Psychiatric Association, 2013), and often co-occurs with sensory 

processing difficulties (Baranek, David, Poe, Stone, & Watson, 2006; 

Tomchek & Dunn, 2007). Despite many attempts to identify the cognitive 

mechanisms underlying autism, these have not yet been established. 

Theoretical accounts of autism are generally directed at either social or 

perceptual domains, and have not been successful at explaining the 

condition as a whole. Recently, Predictive Processing accounts of autism 

have been developed which claim to explain social communication 

differences, restricted repetitive behaviours and sensory symptoms. 

These accounts posit that autistic individuals differ from non-autistic 

individuals in their processing of all incoming sensory information (Lawson, 

Rees, & Friston, 2014; Pellicano & Burr, 2012; van de Cruys et al., 2014), 

and that this cascades up the cognitive hierarchy, explaining symptoms in 

all domains. These theories are based on Predictive Processing models of 

cognition which claim that all sensory information is actively created as 

opposed to being passively received. They posit that the brain is constantly 

predicting its environment and that all sensory input is processed as the 

difference between the predicted value and the observed value (Clark, 

2013). This difference is called a prediction error. As well as the error signal 

indicating how the observation was different from the prediction, it carries 
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a precision weighting, which indicates how certain it is that this error is 

useful information that should lead to a change in predictions. If an error 

has a high precision weighting, the observation is taken as counter-

evidence for the previous prediction: it indicates a change in the 

environment and the prediction will be updated. If, however, an error has a 

low precision weighting, the environment is assumed to be unchanged and 

the prediction is kept as it was. Errors can have low precision weightings 

when the observation is consistent with random fluctuations in sensory 

input due to chance, or when they are deemed to represent small details 

that are not relevant (Kwisthout, Bekkering & van Rooij, 2017).  

There is some initial evidence that prediction error precision-

weighting may be higher in autistic individuals (see, for example, Crawley 

et al., 2019; Manning, Tibber, Charman, Dakin & Pellicano, 2015; van der 

Hallen, Lemmens, Steyaert, Noens & Wagemans, 2017; Zaidel, Goin-Kochel 

& Angelaki, 2015), although other studies find no group differences (e.g., 

Karaminis et al., 2016; Manning, Kilner, Neil, Karaminis & Pellicano, 2017; 

Manning, Tibber & Dakin, 2017; van de Cruys, Vanmarcke, van de Put & 

Wagemans, 2018). 

Although these theories are initially derived from hypotheses about 

the brain, there are clear avenues for testing them behaviourally. Van de 

Cruys and colleagues (2016) expand upon how higher prediction error 

precision would cause autistic individuals to have more difficulty 

distinguishing signal from noise than non-autistic individuals. When 

sensory input is noisy, a high precision on prediction errors would mean 

updating predictions even when the underlying signal has not changed. 

Since perception is based only on observations with no access to the true 
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underlying structure (Aggelopoulos, 2015; Clark, 2013), it is left to the 

observer to learn about their sensory input to set precision and decide 

which elements are signal and which are noise (van de Cruys et al., 2014; 

2016). This means that there is no fixed optimal level of prediction error 

precision, rather, it must be flexibly adjusted to fit the circumstances. Task 

demands and contextual information can therefore reveal the behavioural 

effects of setting high precision of prediction errors. 

Manning and colleagues (2015) used a coherent motion paradigm to 

do just that. They showed that autistic children performed similarly to non-

autistic children when they were asked to complete a standard motion 

coherence paradigm, that is, to indicate the overall direction of a field of 

dots in which most of the dots – the signal dots – moved in the same 

direction, while a small number of dots – the noise dots – moved in 

random directions. However, when the children were asked to indicate the 

average direction of the dots, a task in which every dot is a signal dot and 

therefore high precision of prediction errors would be beneficial, the 

autistic group outperformed the non-autistic children. This elegant test of 

the theoretical predictions is some of the first evidence that autistic 

children may indeed set their prediction error precision higher than non-

autistic children, and that this is observable in their behaviour. 

Since Predictive Processing accounts of autism posit fundamental 

differences between autistic and non-autistic individuals that should be 

present from a very early age, we propose that testing these theories can 

best be done when participants are young. This minimises the chances that 

observed behaviours are a mixture of primary autism symptoms and 

compensatory strategies, and increases the chances of identifying cognitive 
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mechanisms. Longitudinal prospective studies of younger siblings of 

autistic children are a useful vehicle to study the early development of 

autism. Autism cannot reliably be diagnosed until around 3 years of age 

(Charman & Baird, 2002), but around 20% of younger siblings of children 

with an autism diagnosis will later receive a diagnosis themselves (Ozonoff 

et al., 2011), and a further 30% will show sub-clinical autism characteristics 

(the Broader Autism Phenotype; Ozonoff et al., 2014). These siblings can 

therefore be followed longitudinally from a young age to provide a rich 

dataset describing their development and the emergence of autistic 

characteristics. 

To assess the theoretical prediction about precision weighting of 

prediction errors in autism in a young sample, we therefore tested two 

groups of 3-year-olds: younger siblings of children with an autism diagnosis 

(high-likelihood siblings) and younger siblings of children without autism 

(low-likelihood siblings). Using an implicit learning paradigm, we asked 

whether the high-likelihood siblings already show higher precision of their 

prediction errors than the low-likelihood siblings. There is evidence that 

children with and without autism do not differ in their implicit learning 

under standard task conditions (e.g., Brown et al., 2010; Mayo & Eigsti, 

2012, although see Gidley Larson & Mostofsky, 2008), suggesting that such 

a task is well-suited to isolate differences in the groups’ responses to our 

novel manipulation. 

The Current Study 
Our novel serial response time task was implemented on a 

touchscreen and was specifically designed to test the influence of precision 

of prediction errors. We adapted the traditional serial response time task, 
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in which stimuli are shown in a repeating sequence in order to invoke 

implicit learning, by adding a condition in which the stimuli contained 

sensory noise. The participants were not aware that there would be a 

pattern in the stimulus sequences, and were simply instructed to touch a 

frog that appeared on one of four lilypads on the screen (see Figure 1). 

 

Figure 1: Task structure with example stimuli. In blocks 1 and 3, the frog 
moved from leaf to leaf in a deterministic pattern. In block 2, there was no 
pattern and the frog appeared 20 times in a pseudorandom series of 
locations. 

 

The task was self-paced, so as soon as a lilypad was pressed the frog 

appeared in a new location. The first block consisted of the frog moving 
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between the locations on the screen in a fixed, repeating sequence. The 

second block served as a baseline in which the frog moved between 

lilypads in a pseudorandom order such that the frog did not appear in the 

same location consecutively. The third block consisted of a new fixed, 

repeating sequence, with the addition of randomly-generated jitter to the 

frog’s position on the lilypad. This meant that participants could learn 

which lilypad the frog would next appear on, but the precise upcoming 

location of the frog on that lilypad was both unpredictable and 

unpredictive of any upcoming events, and should therefore have been 

ignored for optimal sequence learning. This addition of jitter in the added-

noise block produces a sequence which is exactly as easy to learn as the 

sequence without jitter from the no-noise block if participants can identify 

the jitter as noise and form their expectations based only on which leaf the 

frog appears on. However, higher precision of prediction errors would 

trigger expectation updates about the precise location of the frog on every 

trial, which would prevent forming of expectations based on the underlying 

sequence. 

If the high-likelihood children weight their prediction errors more 

than the low-likelihood children, they should update their predictions 

about the frog’s location more often. This would mean that in the jittered 

sequence in block 3, the high-likelihood children would be more influenced 

by the frog’s exact location than the low-likelihood children, which would 

make it more difficult to generalise over repetitions to extract the 

sequence. This would lead to the high-likelihood children responding in 

more varied locations on each trial and learning the sequence more slowly 

than low-likelihood children only in the jittered condition, seen in less 
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recurrence in response locations and a slower rate of response time 

reduction.  

Method 

Participants 
In total, fifty-three 3-year-olds took part in the study: 28 high-

likelihood and 25 low-likelihood. The two groups did not differ in age 

(t(44.06) = -1.17, p = .25), but the high-likelihood group did have a lower 

developmental level as assessed by the Mullen Scales of Early Learning 

(t(48.20), = -3.06, p = 0.004) and more autism symptoms as assessed by the 

Autism Diagnostic Observation Scale (ADOS-2; Lord et al., 2012; Lord, 

Luyster, Gotham, & Guthrie, 2012) (t(38.88) = 2.42, p = .02; see Table 1 for 

descriptive statistics). One low-likelihood participant did not contribute a 

Mullen composite score due to missing scores for one subscale, and seven 

low-likelihood participants did not contribute ADOS scores due to limited 

resources during testing. 

We report ADOS comparison scores in order to facilitate 

interpretation of scores from different ADOS modules (Gotham, Pickles & 

Lord, 2009). Comparison scores range from 1 to 10, and scores of 1-3 are 

considered to indicate no suggestions that the child is autistic. Scores of 4 

and 5 indicate that the child shows signs which may mean they are on the 

autism spectrum, while scores of 6-10 indicate that it is likely the child is 

autistic. Three of the low-likelihood children who had ADOS scores 

available and three of the high-likelihood children scored in the middle 

category, indicating some signs they may be on the autism spectrum. 

Additionally, seven high-likelihood children scored in the highest category 

indicating that they may well be autistic. 
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This study was approved by the medical ethics committee 

(Commissie Mensgebonden Onderzoek Arnhem-Nijmegen, protocol 

NL42726.091.13). Recruitment was done via the Baby and Child Research 

Center participant database and through Karakter, a child and youth 

psychiatry clinic. Participants received a reimbursement of their travel 

costs and a small amount of money as a thank you for taking part. 

 

Table 1: Participant characteristics 

 

a ADOS Comparison Scores allow for comparison of scores from 
different ADOS modules. See Gotham and colleagues (2009) for raw score 
conversion tables. 

 

Materials 
Stimuli. Stimuli consisted of an image of a frog taken from 

Wikimedia images 

(https://en.wikipedia.org/wiki/File:Brown_Tree_Frog_2.jpg; CC BY-SA 3.0 

license) and four circular leaves created by the authors in Adobe 

Photoshop, all presented on a black screen (see Figure 1). The frog 

measured 4.5 cm by 3cm (201.6 x 136 pixels) and the leaves measured 8cm 

(442.2 pixels) in diameter. The leaves were arranged in a square with 

6.75cm between them horizontally and vertically (600 pixels between the 

centres of the circles). To introduce the game, and in between blocks, 

  Age in years Mullen  ADOS CSa 

Group N Mean (SD) Mean (SD) Mean (SD) 

High-likelihood 28 3.18 (0.15) 98 (20) 3.5 (2.7) 

Low-likelihood 25 3.24 (0.19) 112 (14) 2.2 (1.1) 

Total 53 3.21 (0.17) 104 (18) 3.0 (2.3) 

https://en.wikipedia.org/wiki/File:Brown_Tree_Frog_2.jpg
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photographs of frogs in natural environments were shown. These images 

were 13.5 by 9cm. 

Sequences were generated at the beginning of the session such that 

each participant had different sequences for the first and third blocks, and 

that the sequences contained no immediate repetitions and did not begin 

and end on the same leaf, since this would appear as an immediate 

repetition when the sequence repeated. In the second block which served 

as a baseline, the frog was presented in pseudorandom locations, with the 

constraint that there were no immediate repetitions of the same location.  

The noise introduced in the third block was implemented by adding 

jitter to the position of the frog randomly on each trial. The centre of the 

frog was placed at a coordinate drawn randomly from a uniform 

distribution upto 60 pixels in the x direction and upto 60 pixels in the y 

direction from the centre of the lilypad on which the frog should appear 

according to the sequence. This resulted in the frog stimulus appearing 

anywhere on the given lilypad but always completely within the lilypad 

area. This ensured that the global image formed by the background and 

lilypad configuration was the same for every trial, and visual information 

only changed within the lilypads. 

Apparatus. Stimuli were presented with Matlab (version 2013a; 

MathWorks) together with Psychtoolbox (versions 3.0.11; Brainard, 1997; 

Kleiner et al., 2007) running on a MacBook Pro (OS X version 10.8.5). 

Stimuli were shown, and participants’ touch responses recorded, on an ELO 

2244L 22” LCD touchscreen. The location of participants’ touch responses 

as well as their latency after trial onset were recorded by the Matlab 

scripts. The session was filmed with a Noldus IT camera system from two 
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angles simultaneously, to monitor the child’s behaviour and to capture any 

parent or experimenter interference. 

Procedure. The touchscreen was newly calibrated each session with 

the standard 4-point ELO calibration procedure in the Universal Pointer 

Device Driver (version 05.01.1482B; Touch-Base Ltd.). At the beginning of 

the session, the experimenter instructed the parent that only the child 

should touch the screen, and asked the parent if the child was familiar with 

playing games on a touchscreen device. All children had chance to touch 

the screen and see that it reacted to their presses before the game began. 

The task began with an image of a frog in a natural scene on the 

screen and the experimenter giving the child a short introduction. The 

experimenter told the child, “Can you see the frog? It’s sitting on a leaf, 

see? It’s about to jump from one leaf to another, do you want to see? Tap 

the frog then.” Once the child touched the frog on the introduction screen, 

the array of leaves appeared and the experimenter told the child, “These 

are the leaves, see? The frog is going to jump, are you ready? Tap one of 

the leaves.” Once the child touched a leaf, the frog appeared on the first 

leaf of the sequence. The frog stayed on-screen until the child pressed 

within the bounding box of one of the leaves. In the frame immediately 

after this touch response, the frog appeared on the next leaf in the 

sequence, with no inter-trial interval. The experimenter spoke to the child 

throughout as necessary, repeating phrases such as “Where is the frog 

now?” and “Catch the frog!”. Since some children were distracted by this 

while others were encouraged, the protocol was flexible and some children 

heard more experimenter speech than others. Between blocks, a new 

image of a frog in a natural scene was presented and the children were 
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given the opportunity for a short break if they wanted one. The child 

tapped the frog in this image to move on to the next block. 

The task lasted approximately three minutes and consisted of 100 

trials in total. Blocks 1 and 3 each consisted of 40 individual frog 

appearances: 8 repetitions of a 5-item sequence presented continuously 

with no breaks. Block 2 served as the baseline and consisted of 20 

individual frog appearances with no underlying sequence.  

Data analysis 
Data inclusion. Of the 53 children tested, five did not produce a full 

dataset because they did not complete the task (3 high-likelihood and 2 

low-likelihood). Furthermore, during data collection the experimenter 

coded whether the child appeared to understand the task, for example by 

monitoring whether the child was looking at the screen while pressing, and 

on this basis datasets from four children (1 high-likelihood and 3 low-

likelihood) were excluded from further analysis, leaving data from 44 

children (23 high-likelihood and 21 low-likelihood) in the final sample. 

Data processing. Only responses provided while the frog was on-

screen were analysed. Touch responses made anywhere within the 

bounding box of the leaf where the frog appeared were marked as correct, 

and touches made within the bounding box of any other leaf were marked 

as incorrect. Accuracy scores were calculated for each child, but only 

correct responses were further analysed in the model. Finally, response 

times were log transformed in order to allow fitting of linear predictors. 

Statistical analysis. Data were plotted in R (version 3.5.1; R Core 

Team, 2018) using RStudio (version 1.1.456; Allaire, 2012) with ggplot2 

(Wickham, 2016) and ggpubr (Kassambara, 2020), and analysed using 
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multi-level modelling with lme4 (Bates, Maechler, Bolker & Walker, 2015). 

Variance explained by the models (R2) was calculated using the method 

explained by Snijders and Bosker (2012), in the mitml package (Grund, 

Robitzsch & Luedtke, 2019). Recurrence Quantification Analysis was carried 

out with code made available by Kingstone and colleagues (retrieved from 

https://psych-barlab.sites.olt.ubc.ca/files/2018/10/RqaMatlab.zip). 

Predictors in multi-level models were considered as significant if the t-

value exceeded ±1.96. 

Response Latency. We used multi-level modelling to examine 

sequence learning as indexed by response times over sequence repetitions 

and blocks. The maximal model was pre-specified as follows: 

maximalRTModel <- lmer (RTlog ~ Block * Repetition * Group + Item 

+ (1 + Block | P:Group) 

We expected that the high-likelihood children and low-likelihood 

children would learn at the same rate in the sequence with no added noise, 

but that if the high-likelihood children assigned higher precision to their 

prediction errors, they would show a slower learning rate when noise was 

added. That is, we expected an interaction between Block, Repetition and 

Group if the learning rate of the children at high likelihood of autism was 

affected more by the noise manipulation than the learning rate of the 

children at low likelihood. The maximal model allowed for these 

interactions as well as all main effect terms, and included random intercept 

of participant nested within group, and random slopes of block by 

participant nested within group. To investigate whether this maximal 

https://psych-barlab.sites.olt.ubc.ca/files/2018/10/RqaMatlab.zip
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model explained the data better than a more parsimonious solution, the 

maximal model was compared to two simpler models as follows: 

simpleRTModel1 <- lmer (RTlog ~ Block * Repetition * Group + (1 | 

P)) 

simpleRTModel2 <- lmer (RTlog ~ Block * Repetition * Group + Item 

+ (1 | P)) 

Response Location. We used Recurrence Quantification Analysis in 

order to examine the spread of touch response locations. Recurrence 

Quantification Analysis is a dynamical systems analysis which allows 

comparisons of non-linear process-level information about a changing 

system such as a learner moving through cognitive states (Coco & Dale, 

2014; Richardson et al., 2014). We applied this analysis to the current study 

to quantify recurrence, or how often the children revisited a previous state 

and gave responses in the same location as previous responses, and 

determinism, or how often these revisitations followed each other 

consecutively.  

We expected to see recurrence and determinism at similar levels in 

the two groups in the first block, when they were presented with a 

sequence with no noise, and both less recurrence and less determinism in 

the high-likelihood group in the added-noise block if they indeed showed 

higher precision of their prediction errors. We therefore expected to see an 

interaction between Block and Condition in both recurrence and 

determinism. 
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For Recurrence Quantification Analysis calculations, we set the 

radius for neighbour selection at 100, meaning that the Euclidean distance 

between every pair of responses was calculated, and those pairs within 100 

pixels of each other were counted as recurrent. We chose 100 pixels as the 

value for this parameter after exploring the data without block and group 

information, because this value maximised the information available for 

the models; lower values led to a floor effect and higher values led to a 

ceiling effect. The models to compare the levels of recurrence and 

determinism in each group and each block were specified as follows: 

recModel <- lmer (recurrence ~ Block * Group + (1 | P:Group)) 

detModel <- lmer (determinism ~ Block * Group + (1 | P:Group)) 

with an expected interaction between block and group on both measures if 

the high-likelihood group indeed showed higher precision, since this would 

be more noticeable during the noise-added block. Again, to investigate 

whether the pre-specified models explained the data better than a 

parsimonious solution, the recurrence and determinism models were also 

compared to null models as follows: 

nullrec <- lmer (rec ~ 1 + (1 | P:Group)) 

nulldet <- lmer (det ~ 1 + (1 | P:Group)) 

 

Results 
Response Latency. Visual inspection of the data showed that log-

transformed reaction times decreased with repetitions of the sequence, 

suggesting that participants did learn, in the first block with no noise, but 
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not in the third block in which the frog’s position was jittered (see Figure 

2)4. Additionally, comparison of the response times during block 2, in which 

the frog appeared in pseudorandom locations showed that the high-

likelihood and low-likelihood children did not differ in their baseline 

response times (β = 0.58, SE = 0.64, t = 0.91). 

The pre-specified maximal model was fitted successfully, and two 

more parsimonious models with simpler random effects structures were 

run in order to perform model comparisons. The maximal model and two 

simpler models were then compared using the Akaike Information 

Criterion. The maximal model explained the data best, with an AIC of 5648, 

compared to 5686 for the first simple model and 5673 for the second 

simple model. We also ran an additional exploratory model to investigate 

contributions of developmental level and the continuous measure of 

autism symptoms. This model showed that including ADOS and Mullen 

scores as predictors improved overall model fit, with an AIC of 4983, but 

these predictors did not reach the significance threshold. We therefore 

report the pre-specified model here. 

  

 
4 Pilot data with adults (N=9) showed that participants learnt the sequences in 
both conditions, confirming the sequence is learnable with added jitter. 
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There was a significant main effect of block (β = 0.07, SE = 0.03, t = 

2.28) and repetition (β = -0.02, SE = 0.005, t = -3.82), and no main effect of 

group (β = 0.009, SE = 0.06, t = 0.15) or item (β = -0.005, SE = 0.008, t = -

0.61). There was a significant interaction effect between block and 

repetition (β = -0.01, SE = 0.005, t = -2.34) confirming that the participants 

overall learnt more slowly in the added-noise block than the no-noise 

block. The interaction between repetition and group was marginally 

significant (β = -0.01, SE = 0.005, t = -1.97) indicating that the groups may 

differ in their learning rates when their response times were averaged over 

blocks. In order to explore this interaction effect, we ran two linear 

 

Figure 2: Median response times per child plotted as a function of 
repetition number. Each repetition of the sequence consisted of five frog 
appearances, and the median reaction time from each child over these 
five presentations is shown. Note that models were run on raw response 
times and individual medians are used for visualisation only, to enable 
comparison to previous results. 
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regression models with repetition as the only predictor, separately for each 

group. These post-hoc models showed that, if anything, the high-likelihood 

group learnt faster (β = -0.02, SE = 0.008, t = -3.02) than the low-likelihood 

group (β = -0.006, SE = 0.007, t = -0.83), with a larger absolute beta value 

indicating a steeper slope. Most importantly, there was no interaction 

between Block, Repetition and Group (β = -0.003, SE = 0.005, t = -0.59), 

showing that the noise manipulation did not affect the learning rate 

differently in the high- and low-likelihood children (see Table 2 for full 

model output). The effect sizes are rather small, with this model explaining 

approximately 2.8% of the total variance in the response times. We 

expected that our manipulation would induce a subtle effect, especially 

given the other factors influencing response times, such as hand-eye co-

ordination and motor planning and execution, which are still quite 

immature in 3-year-olds (Schneiberg et al., 2002). 
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Table 2. Summary of best-fit response latency model 

Response Latency Model 

maximalRTModel <- lmer (RTlog ~ Block * Repetition * Group + Item + (1 + Block | P:Group) 

 

Fixed effects Estimate Std. Error t value 

Block 0.07 0.03 2.28 

Repetition -0.02 0.005 -3.82 

Group 0.009 0.06 0.15 

Item -0.005 0.008 -0.61 

Block * Repetition -0.01 0.005 -2.34 

Block * Group 0.001 0.03 0.04 

Repetition * Group -0.01 0.005 -1.97 

Block * Repetition * Group -0.003 0.005 -0.59 

Random effects Variance Std. Error  

Intercept 0.12 0.35  

Block 0.009 0.10  

Residual 0.36 0.60  
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Response Location. Visual inspection shows levels of recurrence 

consistent with previous work (e.g., López Pérez et al., 2018). Levels of 

both recurrence and determinism were lower for block 2, which was 

expected since there was no sequence to learn, and block 3, which was 

expected since there was jitter added to the sequence, compared to block 

1 (see Figure 3). This was reflected in a significant main effect of block in 

the recurrence model (β = -2.07, SE = 0.50, t = -4.15), but not in the 

determinism model (β = -4.18, SE = 2.25, t = -1.86). Crucially, there was no 

significant main effect of group on either recurrence (β = 0.42, SE = 2.00, t 

= 0.21) or determinism (β = 0.79, SE = 7.37, t = 0.11), and no significant 

interaction between block and group on either measure (see Table 3 for 

full model output). Both models outperformed the null models, and the 

recurrence model explained approximately 7% of the total variance in the 

response locations, while the determinism model explained approximately 

2% of the total variance in response locations. 
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Figure 3: Recurrence and determinism (as percentage of recurrent points) 

by group and block. In blocks 1, the frog moved from leaf to leaf in a 

deterministic pattern with no noise added. In block 2, there was no pattern 

and the frog appeared 20 times in a pseudorandom series of locations. In 

block 3, the frog moved from leaf to leaf in a deterministic pattern with 

noise added in the form of jitter.  
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Table 3. Summary of best-fit recurrence model (above) and determinism 

model (below) 

Recurrence model    

recModel <- lmer (recurrence ~ Block * Group + (1 | P:Group)) 

Fixed effects Estimate Std. Error t value 

Block -2.07 0.50 -4.15 

Group 0.42 2.00 0.21 

Block * Group 0.08 0.74 0.11 

Random effects Variance Std. Error  

Intercept 15.65 4.00  

Residual 11.93 3.45  

    

Determinism model    

detModel <- lmer (determinism ~ Block * Group + (1 | P:Group)) 

Fixed effects Estimate Std. Error t value 

Block -4.18 2.25 -1.86 

Group 0.79 7.37 0.11 

Block * Group 1.34 3.33 0.40 

Random effects Variance Std. Error  

Intercept 26.75 5.17  

Residual 242.18 15.56  

 

Discussion 
The current study tested whether young children with high likelihood 

of autism weight their prediction errors more highly than low-likelihood 

children, using a novel implicit learning task. During the game, 3-year-olds 

with both high and low likelihood learnt while interacting with a sequence 
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without noise, but did not learn with a similar sequence when noise was 

added in the form of jitter in the stimulus location. While the model 

confirms that the high-likelihood group learnt faster overall than the low-

likelihood group, and the noise manipulation did in fact influence learning 

rate, it did not influence the high-likelihood and low-likelihood groups 

differentially. In an additional exploratory model, we also saw no significant 

effect of developmental level as measured by the Mullen Scales of Early 

Learning, or autism symptoms as measured by the ADOS-2 (Lord et al., 

2012a; Lord et al., 2012b) on the learning rates. Further, the recurrence 

quantification analysis showed that the groups did not differ in either the 

recurrence or determinism of their response locations. The results as a 

whole suggest that the high-likelihood children did learn differently than 

the low-likelihood children, but not in a manner consistent with over-

adjusting their expectations based on high-precision prediction errors. 

These results challenge the Predictive Processing theory of autism that 

claims that autistic individuals assign higher precision to their prediction 

errors than non-autistic individuals. 

The lack of a group difference in the added-noise block is surprising, 

but is qualified by the fact that neither group appears to learn while 

interacting with the sequence in the block with added noise, as evidenced 

by a relatively flat response time profile over sequence repetitions. It is 

unclear why the participants did not learn the sequence in the added-noise 

condition. It is possible that participants either became fatigued since the 

game required sustained attention or so practiced that the learning effect 

would be masked. However, the data do not appear to support a practice 

or fatigue effect upon visual inspection: if there were a strong practice 
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effect, we would expect to see faster response times and less variance, and 

vice versa for a strong fatigue effect, but the mean response times and the 

variance in the added-noise condition are not remarkably different than in 

block 1. The pattern of responses also appears relatively symmetrical 

around the mean, which suggests that the participants have not reached a 

floor or ceiling in response times. We conclude therefore that the learning 

profile in the added-noise condition is likely due to the jitter itself, and 

therefore informs us about how difficult it is for 3-year-olds to learn from 

noisy input. It seems unlikely that the jitter entirely obscures the 

sequences, since adult pilot participants did learn the sequence in both 

conditions, but the 3-year-olds may have found it harder than older 

participants to inhibit their responses to the jitter, leading to difficulty 

abstracting away from individual noisy events and attending to the 

underlying pattern. 

The fact that the high-likelihood group showed faster learning 

overall but that their response locations were not affected differently than 

those of the low-likelihood group by the noise manipulation does not 

support the theory of higher precision of prediction errors in autism (van 

de Cruys et al., 2014; 2016). This result adds to a body of converging 

evidence using different task modalities, methodologies, and age groups 

showing that predictions of Predictive Processing theories have not been 

confirmed (see, for example, Manning et al., 2017; van der Hallen et al., 

2017; Utzerath et al., 2018; Ward, Braukmann, Buitelaar & Hunnius, 2020). 

While there is some existing evidence consistent with altered precision 

weighting in autism (see, for example, Crawley et al., 2019; Manning, 

Tibber, Charman, Dakin & Pellicano, 2015; Manning, Tibber & Dakin, 2017; 
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van der Hallen, Lemmens, Steyaert, Noens & Wagemans, 2017; Zaidel, 

Goin-Kochel & Angelaki, 2015), it is not currently strong enough to 

constitute a convincing unifying theory of autism.  

Despite these challenges, Predictive Processing theories of autism 

have benefits that other existing autism theories do not: they posit a 

singular cause of all symptoms and experiences, with relatively well-

specified underlying mechanisms, based on neural dynamics that are well-

understood in the non-autistic population. Refinement or revision may 

therefore render its claims more generalisable and allow further insight 

into autism and its development. One of the most appealing aspect of 

Predictive Processing theories of autism is their simplicity: the available 

parameters that can be implicated are limited to expectations, prediction 

errors, and their relative weighting. This simplicity could serve to make the 

theories falsifiable, but can also be a disadvantage, as there is little 

flexibility to make adjustments when the data consist of a larger number of 

latent dimensions, meaning that observed differences could not be 

modelled by a simple shift in those parameters. Adding nuance to the 

broad claims of the existing accounts of autism may help accommodate 

thus far conflicting results. For example, recent work on Predictive 

Processing accounts of schizophrenia posit different precision-weighting 

strategies for low-level sensory prediction errors compared to higher 

cognitive prediction errors (Sterzer et al., 2018). If this model proves to 

account well for data from participants with schizophrenia in the future, it 

would be one example of a direction for further development of autism 

accounts. The Predictive Processing theoretical framework may not be 
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currently suited to explain all of the mechanisms underlying autism, but it 

should not yet be dismissed. 

Predictive Processing accounts of autism may not find much support 

in these data, but Predictive Processing has barely been tested in 

participants other than neurotypical adults. It does seem that predictions 

and prediction errors are already observable in infancy (Emberson, 

Richards & Aslin, 2015; Kayhan, Meyer, O’Reilly, Hunnius & Bekkering, 

2019; Zhang, Jaffe-Dax, Wilson & Emberson, 2019), but the framework has 

yet to incorporate an account of how infants ever come to start making 

predictions and computing prediction errors, and how these capacities 

change over time (Kayhan & Kwisthout, 2017). Whereas there is still much 

work to be done to make the Predictive Processing framework fully 

developmental, it does allow us to make predictions about development: a 

noisier system, which is still being finetuned, leads to less reliable 

estimates of incoming sensory information and therefore requires more 

weighting of predictions based on prior knowledge. We would expect then 

that the noise in the senses of infants and young children would lead to 

less weighting of prediction errors in infants than in adults. This change in 

weighting can be seen, for example, in a study in which children of 

different ages performed a temporal estimation task (Karaminis et al., 

2016). Here younger children, whose temporal discrimination was still 

quite noisy, weighted their prediction errors less and therefore their prior 

experiences more heavily, compared to older children, who had more 

finely tuned temporal discrimination abilities and consequently weighted 

their prediction errors more and their prior experience less. This concept 

applies equally to noise in the motor system, such that an infant or young 
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child making a certain action plan will perform that action with more 

variance than an adult with fine-tuned dexterity (von Hofsten, 1991).  In 

fact, it seems that children reaching to grasp an object do not show adult-

like kinematics until 8-10 years of age (Schneiberg, Sveistrup, McFadyen, 

McKinley & Levin, 2002). Therefore, in order to make inference about the 

consequences of an action, for example a causal inference over a light 

coming on when a button is pressed, children should optimally 

downweight errors if the light does not come on, to allow for the possibility 

that the inference is correct but the action was planned or performed 

imperfectly. 

Any interpretation of the current results must then take into account 

the fact that young participants necessarily have noisier estimates than 

adults, and compare participants with similar levels of noise in their 

sensory and motor systems. We attempted to achieve this in the current 

study by measuring the participants’ perceptual and motor abilities as part 

of the Mullen Scales of Early Learning, and accounting for these scores in 

one of the models. Since the model including Mullen scores did not explain 

the data better than the model without this predictor, we do not see 

evidence that differences in noise in the sensory and motor systems 

between the two groups influenced their performance on the task. This 

could be more directly analysed in future studies by recording motion 

tracking during the task, a method which has recently shown interesting 

insights into the development of autism and neurodevelopmental 

disorders (Achermann, Nyström, Bölte & Falck-Ytter, 2020; Caruso et al., 

2020). 
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The fact that 3-year-old participants still have rather noisy motor 

planning and execution (Schneiberg et al., 2002) certainly exerts a large 

influence on our current findings. The variability in reaction times 

explained only by the noisy motor system is likely very large, and may have 

drowned out the small effect of our experimental manipulation. Previous 

studies on the influence of stimulus variability on learning in infants have 

shown effects of around Cohen’s d = 0.8 (Tummeltshammer & 

Kirkham,2013; Tummeltshammer, Mareschal & Kirkham, 2014; 

Tummeltshammer & Amso, 2018), but these studies used eye movements 

as their dependent measure. Eye movements become adult-like already 

around 6 months of age (Hunnius, 2007) and are therefore much less 

variable in the early years than limb movements (Schneiberg et al., 2002). 

It may therefore be necessary to limit future studies to less variable 

measures such as eye-tracking, to characterise motor responses more 

finely using motion tracking, or to collect more data to allow statistical 

inference despite large variability between trials. 

In conclusion, we observed no evidence in the current task that 3-

year-olds with high-likelihood of a later autism diagnosis assign higher 

precision weighting to prediction errors than 3-year-olds with a low-

likelihood, in either response latency or location, although this should be 

interpreted with caution due to the lack of learning by either group in the 

added-noise condition. Future studies should take advantage of the 

richness of reaching data by using motion tracking technology, or 

otherwise reduce variability in responses in order to detect small true 

effects. 

  



166 

 

  



167 

 

 

 

 

 

 

 

Chapter 6: Does Variability in an Implicit Learning Task 
Help Infants Learn Faster? A Registered Report 
 

 

 

Ward, E. K., & Hunnius, S. (2020). Does variability in an implicit learning 

task help infants learn faster? A registered report. Developmental Science. 
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Abstract 
Infants are constantly inundated with sensory input, which they must 

somehow interpret in order to understand the world. They must do this 

without explicit cues about which parts of the input are going to be useful 

and which parts can be ignored. We know that infants do implicitly learn 

complex skills, which shows that they manage to separate informative 

signal from uninformative noise. 

In laboratory-based learning tasks, when the signal to be learnt is 

accompanied by other less reliable signals, this environmental variability 

seems to cue learners towards the invariant, learnable features and allows 

them to perform better when tested (e.g. Gómez, 2002; Tummeltshammer 

& Kirkham, 2013). Here, we build on these previous studies by asking 

whether variability in the exact realisation of events – noise within the 

signal to be learnt – is also influencing learning during the stimulus 

presentation. We will test whether this type of variability is, over and 

above a helpful cue, a crucial and fundamental ingredient for learning that 

has so far been absent from most experimental paradigms. 

Using multi-level modelling to analyse infants’ implicit learning during a 

novel saccadic serial reaction time task, we aim to show how infants learn a 

sequence from noisy instantiations of events. If infants learn sequences 

with added noise faster than those without, we will claim that noise acts on 

expectations online to shape perception as it happens.  
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Does Variability in an Implicit Learning Task Help Infants Learn Faster? A 

Registered Report 

 

Our senses receive a continuous stream of information that we 

must learn to interpret in order to understand the world. By using our 

previous experiences and expectations, we use perceptual inference to 

separate the informative signal from uninformative noise, and discern the 

cause of our sensory input; to form a percept (Aggelopoulos, 2015; Clark, 

2013). Only once we have formed a percept in this way can we reason 

about and learn from the information we are receiving. We define noise 

here as any input that is not strictly necessary to improve learning, either 

because it is irrelevant at the moment or because it is unlearnable random 

variation, for example due to our imperfect senses. Although there are no 

explicit cues to teach infants which aspects of sensory information are 

signal and which are noise, they seem to separate the two well from early 

on, as evidenced by the speed with which they learn complex skills 

incidentally, such as those seen in language acquisition (Saffran, Newport, 

Aslin, Tunick, & Barrueco, 1997) and action perception (Reddy, Markova, & 

Wallot, 2013). 

For example, when infants are about to be picked up, they witness 

someone reach two outstretched hands towards them. Although they see 

many different sizes of hands, angles of arms and paths of movement, they 

learn to expect to feel the tactile stimulus of hands on their torso, followed 

by the proprioceptive change of their body being moved. The exact details 

of the tactile and proprioceptive input are also different each time the 

infant is picked up, but by three months old, infants have learnt to 
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disregard these small variations and act upon their knowledge by preparing 

to be picked up; tensing their neck muscles to prevent their heads from 

falling backwards (Reddy et al., 2013). 

Here, we propose that abstracting away from such variations is not 

only necessary in order to learn, but that the variations actively support 

learning through shaping perceptual inference. Variation as it so far has 

been studied is limited in its scope and has been operationalised more akin 

to distractors than to changes allowing for rule abstraction. We believe 

that the role of noise in the signal is equally important to understand. 

Noise is the specific information surrounding a signal which is along the 

stimulus dimension of interest but is not crucial to interpret the percept. In 

contrast, variability is seen as a general property of an environment. A 

highly-variable environment is one that contains more unique events, 

however a highly-variable environment may or may not contain more noisy 

signals, depending on whether the variations are along the dimension of 

interest and whether they meaningfully contribute to the task the observer 

is trying to accomplish. 

Variability during training has helped adults and children to 

generalise better than their peers who have received less variable training 

sets (Douvis, 2005; Gómez, 2002; Gonzalez & Madhavan, 2011; Wulf & 

Schmidt, 1997; Yao, Desola, & Bi, 2009), although there is some evidence 

that variability does not influence, or even hampers, learning (Bergmann & 

Cristia, 2018; Jusczyl, Pisoni, & Mullennix, 1992). Most such studies have 

introduced variability through additional stimuli, for example by presenting 

stimuli that exhibit learnable regularities along with stimuli that are 

unpredictable. One example showing clear benefits of such variability is a 
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language learning study (Gómez, 2002) in which adults and infants heard 

three-word phrases in an artificial language. In the artificial language, there 

was a deterministic relationship between the first and third words in the 

phrase, but the second word was drawn randomly from a set of possible 

second words. Adults and infants who heard a language with a larger set of 

second words (i.e. the variability within phrases was larger) learnt the 

relationship much better than those who had heard less variable phrases 

because their language had a smaller set. The authors conclude that this 

variability helps learners because it allows them to zoom out from specific 

exemplars and find the abstract regularity in the input. 

This type of variability has also been introduced as changes in the 

visual environment. In a statistical learning task, 8-month-old infants 

directed their attention more to learnable statistical regularities during the 

intermittent presence of a distractor in the environment 

(Tummeltshammer & Kirkham, 2013). The infants looked longer to events 

with a deterministic relationship when an unrelated part of the stimulus 

space changed colour at unpredictable moments than when events with 

the same deterministic relationship happened without other changes in the 

display. In another study, Kidd and colleagues (2012) showed that when 

infants view sequences of events that could be more or less unexpected, 

they are more likely to look away from the display when an event is either 

very expected or very unexpected. The authors suggest that this 

preference for moderately surprising events is driven by infants making a 

trade-off between the value of learning new information and the cost of 

allocating too many cognitive resources (Kidd et al., 2012). Moderate 

amounts of noise may be another way to indicate to infants that there is 
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learnable structure in the environment, while not demanding excessive 

cognitive resources to identify that structure. 

While these previous results are informative, most designs 

measure the impact of distractor signals on the learner. These distractors 

are not along the dimension of interest, and as such are examples of 

environmental variability, as opposed to noise. We therefore do not yet 

know how participants learn a relationship when there is a noisy stimulus 

from which they must use perceptual inference to extract the meaningful 

signal. The distinction between learning in a variable context and learning 

from a noisy signal is an important one for understanding the mechanisms 

involved. Learning in a variable context requires inhibition of irrelevant 

information, for example if participants never listened to the second word 

in the phrases used by Gómez (2002), they could learn the relationship 

perfectly well. Learning from a noisy signal, however, requires the incoming 

information to be segmented into meaningful signal and superfluous noise 

which first requires learning how to dissociate the two. This requires tuning 

of perceptual inference. 

During perceptual inference, we use our expectations based on 

previous experience to interpret what we are sensing. We form a percept 

by combining those expectations with the incoming information, and the 

weight given to each is determined by its certainty. When an observer is 

first learning about possible events, they are relatively unbiased because 

they have very few expectations or their expectations are very uncertain. 

This leads to very little weight being given to the expectation, and 

perception is mostly bottom-up and stimulus driven. As the observer gains 

more experience, however, their expectations become stronger and begin 
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to bias perception more, which is generally beneficial to learning since it 

incorporates previous knowledge gains. Conversely, when the signal is 

noisier, we are less certain of our sensory input so it weighs less against our 

expectations. When a signal is cleaner, we are more certain of the sensory 

input so it weighs more against our expectations. This means that the 

process of perceptual inference theoretically inherently incorporates an 

estimate of what is signal and what is noise.  

As well as certainty, the influence of expectations on perception 

can also be influenced by the level of detail of the expectation (Kwisthout, 

Bekkering & van Rooij, 2017). For example, in the case of language 

acquisition, the phenomenon of perceptual narrowing shows that as 

infants learn more about their native language, they begin to form stronger 

expectations that guide their perception and as a consequence they no 

longer distinguish between similar phonemes that are not used in their 

native language. These expectations are tuned to a level of detail that is 

useful for learning their own language, and they no longer make fine-grain 

distinctions between sounds that are functionally equivalent in their native 

language. In this instance, making a more precise expectation would 

actually hamper learning; tracking every articulation difference between 

sounds that are functionally equivalent is resource-intensive and would 

give a worse estimate of the structure of the language’s sound system. To 

learn from new contexts, it is therefore necessary to start to abstract from 

the small fluctuations in the environment, the noise, and try to identify the 

statistical regularities, the signal. 

This weighing of expectations and sensory input, and its tuning 

using certainty and level of detail, is happening constantly and underlies all 
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further information processing. As such, it is fundamental to cognition, but 

it has largely been overlooked in developmental science. Current theories 

do not account for the development of this process and instead posit a 

static adult model (Kayhan & Kwisthout, 2017). We therefore ask how 

infants respond to a noisy signal, specifically how fast they learn a pattern 

with different levels of noise added. We believe that using online learning 

measures to examine the time-course of the effects of this type of noise 

will reveal crucial insight into how infants make sense of their sensory 

input.  

In the current study, we manipulate information along the 

dimension of interest, that is, the location of a stimulus, such that there are 

also small fluctuations in its location at each appearance. Crucially, infants 

must learn the correct level of detail for their expectation to identify the 

statistical regularity. To learn the pattern, the expectation “the stimulus 

will appear somewhere in region A” is good enough, and the specific pixels 

the stimulus will appear at will be uninformative and hinder pattern 

recognition. 

Not only will this paradigm show how infants separate noise from 

signal, it will also show how infants learn from events that are more or less 

unexpected. Moderately unexpected events hold infants’ attention longer 

than stimuli that are too expected or too unexpected, suggesting that 

infants find moderately surprising stimuli the most informative (Kidd, 

Piantadosi & Aslin, 2012; Kidd, Piantadosi, & Aslin, 2014). Following from 

this study of preference for intermediately unexpected events (Kidd et al., 

2012), we ask whether this preference serves a function. That is, can 

infants learn faster from a sequence of events that are intermediately 
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unexpected? Due to the design of the task of Kidd and colleagues (2012), 

there was no opportunity for the infants to demonstrate learning, as the 

sequences did not repeat. While the infants did show evidence of 

accumulating knowledge about the experimental environment by looking 

away when an event was too expected or too unexpected, there was no 

way to learn which stimulus was upcoming, since the events were 

independent from one another. In the current paradigm, it is possible to 

manipulate how close the stimulus appears to the expected location, if 

expectations are built on past experience as we would expect from 

perceptual inference accounts. Infants can then demonstrate what they 

have learnt with their eye movements, giving a measure of how much they 

are learning and how this is affected by the expectedness of the stimulus 

location. 

The Current Study 
In the current study we expand upon previous studies of variability 

by examining the time-course of infants’ learning of a sequence of 

deterministic events with and without noise in the realisation of these 

events. Understanding how infants learn from noisy signals will ultimately 

allow us to build ecologically valid models of how babies learn in the real 

world. Since all sensory input comes as a package of information consisting 

of signal and noise, and the amount of noise is much larger in real-world 

learning than in the lab, it is crucial that we understand how infants 

identify and distinguish between signal and noise if we want to know how 

learning really happens. 
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Study Design 
To investigate this, we will test 7- and 8-month-old infants, 

manipulating variability within-participants using an implicit learning 

paradigm, in which the infants are expected to make saccades more quickly 

as they learn a pattern of events (see statistical learning literature, e.g. 

Haith, 1993; Kirkham, Slemmer, Richardson, & Johnson, 2007). We will 

track the infants’ eye movements in order to measure their learning rates 

and visual attention. In our novel task, a frog appears for 1500ms on one of 

four leaves in a deterministic pattern which is repeated 10 times without 

breaks. Each infant sees three blocks, each with a different sequence, one 

of which is presented with no noise, one with moderate noise and one with 

high noise (see Figure 1, and for gifs see 

https://osf.io/f4mhc/?view_only=b718a876674e419b81b6df5c304f4ad5). 

The patterns each consist of five frog appearances, and are created 

pseudorandomly such that there are the same number of diagonal 

movements in each sequence and the frog cannot appear twice 

consecutively on the same leaf. The final position of the pattern also 

cannot be the same as the starting position, since the sequence repeats 

without breaks and this would be in fact constitute appearing twice 

consecutively on the same leaf. One sequence per block is selected 

randomly at the time of stimulus presentation such that sequence is 

entirely independent of noise level, and no infant will see the same 

sequence in more than one condition. 
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Figure 1: Trial schematic showing example sequences in the (A) no-

variability condition, (B) moderate-variability condition and (C) high-

variability condition. The frog appears in only one position at a time, and 

moves from one leaf to the next in the pattern shown by the arrows. Each 

sequence is five items long, and is repeated in a continuous stream. 

 

In the no-noise condition, the frog always appears in the centre of 

the leaf, and the sequence is visually identical on every iteration. In the 

moderate-noise and high-noise conditions, the frog still appears on the leaf 

in a deterministic sequence, but the exact position on the leaf is randomly 

jittered. This leads to events with a learnable structure (if the frog is on leaf 

1, it will always appear next on leaf 2), but which are distinct from each 

other in each instantiation due to the jitter. The frog may appear on the 

top left of leaf 1 in the first repetition of the pattern and the bottom centre 

of leaf 1 in the next repetition, but the consequences will be the same: the 

frog will next move to somewhere on leaf 2.  

Hypotheses 
The goal of the current experiment is to examine how infants tune 

the level of detail of their expectations during perceptual inference. In 

order to address this question we ask whether noise affects learning rate in 

infants in an implicit sequence-learning task and to measure the effect of 
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levels of noise on learning rates. Since variable contexts seem to highlight 

relevant information (e.g., Gómez, 2002; Wulf & Schmidt, 1997), and noise 

is a specific type of variability along the dimension of interest, we propose 

that increased noise may also direct attention to relevant information and 

lead to faster learning. We hypothesise that the infants will learn the 

sequence at all levels of noise, but that they will learn faster when there is 

some noise than when there is none. We also hypothesise that infants will 

learn fastest in the moderate-noise condition, and that this condition will 

hold their visual attention the longest. 

Measures 
In order to quantify the effect of noise on learning, we will analyse 

the infant’s learning rates, calculated from their saccadic reaction times 

(Desrochers, Kurdziel, & Spencer, 2016; Thomas & Nelson, 2001; 

Tummeltshammer & Kirkham, 2013). We expect that infants will learn the 

sequence in all 3 conditions, but that they will learn fastest in the 

moderate-noise condition, i.e., there will be an interaction between 

number of repetitions and condition, with the largest decrease in reaction 

times over repetitions in the moderate-noise condition. We also expect 

that if the infants learn the sequence fully, their reaction times will plateau, 

and the time to plateau will be shorter in the moderate-noise condition 

than in the no-noise and high-noise conditions. 

To test our secondary hypothesis, we will measure the visual 

attention of the infants to the display, and compare total looking time and 

time until first lookaway between the different levels of noise (cf. Kidd et 

al., 2012). We expect the infants to look away from the screen earlier in the 
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no-noise and high-noise conditions, and to attend to the screen less overall 

during those conditions, than in the moderate-noise condition. 

Method 

Participants 
Participants will be infants between the ages of 7 months 0 days 

and 8 months 30 days. They will be recruited through a database of 

volunteer families. Informed consent will be received from one parent for 

each infant, and the infants will receive a small thank-you present of 10 

euros or a book for participation. Infants will be excluded from 

participating if they were born before 36 weeks of gestation, or if they have 

known vision impairments or neurological problems at the time of testing.  

We will test enough infants to acquire 36 datasets that meet our 

inclusion criteria detailed in the Data Analysis section below. This sample 

size is based on a power calculation using a bespoke web application 

(Westfall, Kenny & Judd, 2014).  We computed the sample size needed to 

detect an effect size of Cohen’s d=0.8, approximately equal to a partial η2 

of 0.12, based on typical condition differences in similar designs 

(Tummeltshammer & Kirkham,2013; Tummeltshammer, Mareschal & 

Kirkham, 2014; Tummeltshammer & Amso, 2018).  To achieve 90% power, 

our planned model structure requires 32.4 participants, assuming that 

parameters explain the same amount of variance as they did in 

Tummeltshammer and Kirkham’s (2013) model. We have decided to 

acquire 36 analysable datasets to be conservative, and leave room for 

potential differences between our design and the previous studies. 
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Apparatus 
Infants’ eye movements will be recorded using a Tobii T120 eye-

tracker with an integrated monitor. Stimuli will be presented using 

Psychtoolbox (version 3.0.11) and Talk2Tobii toolbox within Matlab 

(version 2013b), and sounds will be played through external stereo 

speakers. The infant will be monitored through an external video camera. 

Audiovisual attention-getters will be played between blocks to keep the 

infants engaged and to minimise experimenter influence on look-aways. 

Design and Procedure 
All infants will be tested with a parent in a quiet room, seated in a 

highchair approximately 60 cm away from the screen. A 9-point calibration 

procedure will be used to obtain a reliable signal. Infants will be required to 

fixate each point before the experimenter manually advances the 

calibration sequence and the sequence will be repeated if fewer than 5 

points (centre and 4 corners) were accurately calibrated. 

After calibration, the infants will be presented with the implicit 

learning task, consisting of three blocks. Level of variability (none, 

moderate, high) will be counterbalanced between participants, and each 

block will have a pseudorandom sequence. Stimulus presentation will last 

approximately 5 minutes and the session will be terminated at parent 

request; if the infant stops attending to the screen despite the use of 

attention getters and experimenter encouragement; or if the infant cries or 

otherwise shows distress. 

Stimuli 
Stimuli will consist of a fixed array of circular lilypads and an image 

of a frog, which appears on each lilypad according to a sequence which will 
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be repeated within each block. In the no-noise block, the frog will appear in 

the centre of the leaf. In blocks with added noise, the frog’s position on 

each leaf is jittered from the leaf centre by a number of pixels randomly 

selected from the uniform distribution over the circle. This jitter is 

generated separately for every trial, which makes it neither predictive nor 

predictable. In the moderate-noise condition, the maximum jitter will be 

50% of the leaf radius, and in the high-noise condition, the maximum jitter 

will be 100% of the leaf radius. 

Data Analysis 
Datasets will only be included for analysis if the participant sees a 

sufficient number of events. Initially, our criterion will be to include blocks 

from a particular infant in the final dataset only if the infant saw more than 

half of the events in that block, and to include infants in the final sample 

only if they meet this criterion for at least two of the three blocks. If this 

leads to a dropout rate of more than 25% of the infants, we will reduce the 

criterion to 40% of events. We will segment all remaining datasets into 

fixations using the Identification by 2-Means Clustering method, with the 

recommended values of 40ms minimum fixation duration and merging 

fixations within 0.7° of each other (Hessels, Niehorster, Kemner & Hooge, 

2017). We will define square areas of interest around each leaf in order to 

group fixations to each leaf. After processing, datasets will only be included 

in the final analysis if the learning curve calculated from fixation-

segmented data in at least one included condition is different from zero, 

unless this also leads to a dropout rate of more than 25% of the infants. If a 

large proportion of tested infants show no learning curve, this is 
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informative for our hypotheses, and will be taken into account in the 

discussion. 

Events to which the infant’s response was slower than 2 standard 

deviations below their individual median response time will also be 

excluded. To ensure that we include only looks that indicate sequence 

learning, we will also exclude incorrect looks. Incorrect looks will be 

defined as looks not within the region of interest around a leaf where the 

frog was currently present and not within the region of interest around a 

leaf where the frog was about to appear in the next 500ms. We include this 

500ms period before the frog’s arrival to capture anticipatory looks to the 

upcoming position. 

We will measure the latency of infants’ eye movements to the 

frog’s new position as well as looking time to the display comparable to the 

measures used by Tummeltshammer and Kirkham (2013). Using the 

latencies we will compute a learning curve, which is defined as median 

saccadic latency over positions for each repetition of the sequence 

(Desrochers et al., 2016; Thomas & Nelson, 2001), for descriptive purposes 

and data visualisation. We will then analyse the raw data using multi-level 

modelling with random intercept for participants, random intercept for 

stimuli, and random slope of repetitions and condition by participant. We 

expect that participants will have random intercepts due to individual 

differences in response times, and random slope of repetitions and 

condition by participant due to individual differences in learning rates. We 

model fixed effects of repetition and condition and their interaction, in 

order to capture the progression of learning throughout each block. We 

expect that the slope of the learning curve will be steepest in the moderate 
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noise condition, since we expect that moderate noise should facilitate 

learning. 

Using the looking times to the display, we will calculate how long 

infants attend to the screen in total, as measured by total fixation duration, 

and how long until infants’ first look-away of more than one second, 

comparable to the procedure of Kidd and colleagues (2012). This will give 

one value per participant per condition for each measure and we expect 

that both measures will form an inverted u-shape, with longest total 

looking time and longest time to first look-away in the moderate noise 

condition. We will then run a regression model for each measure, to fit a 

quadratic curve to the data.  

Model Specifications 
Before running the models, we will test the raw data for normality, 

skew, kurtosis and multicollinearity, and perform any necessary 

transformations based on the results (Field, Miles & Field, 2012). We will 

then build the models incrementally, starting from the most parsimonious 

model and including the a priori terms listed above one at a time. Fixed 

effects will be retained in the final model if they have an associated t value 

of larger than 1.96, and random effects will be retained in the final model if 

this decreases the deviance significantly based on the Restricted Maximum 

Likelihood. The final models will be compared using the Bayesian 

Information Criterion and the model with the lowest score will be selected. 

The models that we a priori built according to our hypotheses are as 

follows: 
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model_learning_rate <- lmer (RTlog ~ Condition * Repetition + Item + (1 + 

Condition | Participant)) 

model_total_fix_duration <- lmer (total_fix_duration ~ Condition2 (1 + 

Condition | Participant)) 

model_first_lookaway <- lmer (time_to_first_lookaway ~ Condition2 (1 + 

Condition | Participant)) 

 

and will be run in R version 3.5.1 (R Core Team, 2018) using R Studio 

version 1.1.456 (RStudio Team, 2016), with the following packages: arm 

(Gelman & Su, 2018), lattice (Sarkar, 2008), lme4 (Bates, Maechler, Bolker 

& Walker, 2015), moments (Komsta & Novomestky, 2015), mvoutlier 

(Filzmoser & Gschwandtner, 2018), and psych (Revelle, 2018). 
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Chapter 7: General Discussion 
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Predictive Processing accounts of autism claim that individuals with 

autism generate predictions and prediction errors differently than non-

autistic individuals, and that this fundamental difference leads to all 

autistic symptoms and characteristics. In this thesis, I tested key aspects of 

the theory in order to evaluate whether these accounts provide a useful 

framework for understanding the cognitive mechanisms underlying autism. 

To do this, I designed experiments to examine prediction error precision-

weighting in two different groups of participants: teenagers with and 

without autism, and young children who had either an older autistic sibling 

or an older non-autistic sibling. Younger siblings of autistic children have 

increased rates of receiving a later autism diagnoses themselves, so we call 

these younger children high-likelihood siblings and low-likelihood siblings, 

respectively. I looked for signs of prediction error precision-weighting in 

these participants’ brain activity, looking behaviour, and behavioural 

responses. Overall, my findings do not support Predictive Processing 

accounts, which was surprising considering the compelling case made by 

several theoretical papers (Lawson, Rees, & Friston, 2014; Pellicano & Burr, 

2012; van de Cruys et al., 2014). This pattern is, however, in line with other 

recent studies that conflict with the theoretical predictions (see for 

example, Manning et al., 2017; van de Cruys et al., 2021; van der Hallen et 

al., 2017; Utzerath et al., 2018), which points towards the theoretical 

framework being either incomplete or incorrect. This discussion will 

attempt to highlight what the thesis overall tells us about Predictive 

Processing accounts of autism, and which directions might be useful to 

explore next. 
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Summary of Results 
In Chapters 2 and 3, I tested the influence of cumulative 

experience on perception, using an adaptation paradigm. I expected this 

paradigm to show that high-likelihood siblings and autistic adolescents did 

use their previous experience to build their predictions, similarly to low-

likelihood siblings and non-autistic adolescents, but that the autistic and 

high-likelihood participants would update their predictions more readily 

with each new observation (van de Cruys et al., 2014), leading to an overall 

reduction in adaptation after-effects. In Chapter 2, we showed that ERPs 

recorded from high-likelihood and low-likelihood siblings did not show 

adaptation after-effects, but that the high-likelihood group habituated 

more than the low-likelihood group, contrary to the theoretical 

predictions. In Chapter 3, we showed that adolescents with and without 

autism showed equivalent adaptation in their behavioural responses, but 

that neither showed adaptation after-effects in their ERPs and that the 

groups did not differ significantly in the extent of their habituation. 

These findings go against the theoretical predictions that 

prediction errors are weighted more highly in autism, but do include some 

information that may help with further theoretical development. In the 

study that inspired these two chapters (Pellicano, Ewing, & Rhodes, 2013), 

the authors demonstrate that the adaptation after-effect is reduced in the 

autistic group because that group was worse at gaze angle discrimination, 

and therefore found the stimuli ambiguous. We cannot directly assess gaze 

direction discrimination in our 2-year-old participants from Chapter 2, but 

the fact that the high-likelihood group seemed to habituate more than the 

low-likelihood group does suggest that they may have perceived all of the 
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gaze angles as more similar, that is, that they were less able to discriminate 

the different gaze angles. From Chapter 3, we know that the autistic 

adolescents were as good as the non-autistic participants in discriminating 

gaze directions, since they reported this with button presses. This may be 

the reason our findings differ from those of Pellicano and colleagues 

(2013); since our autistic participants showed good gaze angle 

discrimination, and therefore did not find the stimuli ambiguous, they did 

not show reduced adaptation after-effects. This raises the question 

whether autistic participants differ more from non-autistic participants 

when they find their sensory input ambiguous. When sensory information 

is ambiguous, or the observer is more uncertain about their observations, 

prediction errors should optimally carry less weight and predictions based 

on previous experience carry more weight. It follows from the account in 

which autistic observers have a fixed high weight on their prediction errors 

(van de Cruys et al., 2014) that environmental conditions which encourage 

less weight on prediction errors would amplify the differences between 

groups. 

To capitalise on this, we adopted experimental conditions with 

more uncertainty in the remaining chapters of the thesis. In Chapter 4, we 

used stimuli that started out ambiguous and became gradually more 

predictable, and in Chapters 5 and 6 we used stimuli that have inherent 

noise in the signal, in order to test how these two kinds of uncertainty 

affected participants’ brain activity and behavioural responses. In Chapter 

4, we tested the same group of adolescents from Chapter 3, and showed 

them videos of an actor performing multi-step actions, in which an 

observer can gradually build more detailed predictions over time. There we 



189 

showed that autistic and non-autistic participants use their own motor 

systems when observing other people performing actions, as well as 

making anticipatory eye movements which demonstrate the use of prior 

knowledge, and that the groups did not differ. In Chapter 5, we designed a 

new paradigm to test how low-level prediction errors might disrupt implicit 

learning by asking participants to respond to stimuli shown in a sequence, 

where the sequence was either identical on every iteration or involved 

jitter in the stimulus position. When jitter was added to the stimulus 

position, it was possible for participants to learn the sequence only if they 

could effectively filter out this low-level sensory information and attend to 

the global location of the stimulus. There we showed that high-likelihood 

and low-likelihood participants did not differ in measures of their response 

speed or location, although neither high-likelihood nor low-likelihood 

siblings learnt the pattern when we increased the low-level prediction 

errors. In Chapter 6, we describe a forthcoming experiment in which we 

will use the task designed in Chapter 5 in order to better understand how 

typically-developing infants learn in the presence of these low-level 

prediction errors. 

Overall, the results reported in this thesis consistently show no 

group differences in measures we expected would differ between groups 

of autistic and non-autistic participants based on predictions made by 

Predictive Processing theory. Bayesian statistics further helped us to 

quantify the strength of evidence, and showed that some of our null results 

were in fact likely to be the consequence of our data supporting the null 

hypothesis. This is of course most convincing when we believe that our 

experimental manipulation had the desired effect, as it was for example 
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the case in the adaptation in behavioural responses in Chapter 3, in the 

predictions evident in brain activity and eye-movement measures in 

Chapter 4, and in the learning reflected in the response latencies and 

response locations in Chapter 5. 

In some cases, however, our experimental manipulation did not 

yield the expected results. This lack of effect of the manipulation means it 

is hard to interpret a lack of difference between the groups, even if we 

have strong evidence for that lack of a difference. However, we analysed 

multiple dependent variables in each study in order to account for this. For 

example, when we looked for differences in ERP responses to adaptation 

between groups in both the 2-year-olds in Chapter 2 and the teenagers in 

Chapter 3, we found no indication of ERP responses to adaptation at all. 

This makes it difficult to see our results as evidence either for or against a 

theoretical prediction, since we did not measure what we set out to 

measure. However, as developmental scientists, we are aware that the 

data we collect are often noisy and effects can be hard to detect within the 

noise, so we built in multiple measures to try to improve our signal to noise 

ratio. In Chapter 2, the lack of adaptation after-effect in the ERPs was hard 

to interpret, but the secondary measure, the habituation measure, did 

provide useful information, and showed the opposite of what would be 

expected by Predictive Processing proponents. In Chapter 3, again the lack 

of an adaptation after-effect in the ERPs was hard to interpret, but we 

measured the adolescents’ eye movements and behavioural responses as 

well, which allowed us to fully characterise their perceptual experience and 

clearly observe the after-effect in behavioural responses. Since not every 

measure gave conclusive evidence, had we not employed multiple 
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dependent variables, it would have been much harder to argue either for 

or against Predictive Processing accounts of autism. As it is, we were able 

to observe each phenomenon from multiple angles, and with the benefit of 

this wider perspective, I am confident in claiming that this thesis does not 

support Predictive Processing accounts of autism. 

Implications for theory and future directions 
In the General Introduction, I explained what a good theory of 

autism should do and why predictive processing is a promising candidate 

(see page 8 of this thesis). In the results presented in this thesis, though, 

the theory finds little support. It is important to evaluate whether future 

research directions are likely to lead to useful insights in order not to waste 

researchers’ and participants' time and effort. This is especially true for 

autistic participants, for some of whom the burden of participating is 

higher than for non-autistic participants (Achermann, Bölte, & Falck-Ytter, 

2020), and because the results of these studies may be used to develop 

interventions and treatment programmes for autism. 

In this thesis I tested Predictive Processing theories from multiple 

angles and with multiple measures, and the results are relatively consistent 

– none of them provide support for Predictive Processing theories of 

autism as they were originally defined. Often, Bayesian statistics confirmed 

that models predicting our outcome measures performed better when 

group (autistic vs non-autistic or high-likelihood vs low-likelihood) was not 

taken into account. This converging evidence allows me to more 

confidently state that I do not see any evidence that autistic or high-

likelihood participants update their expectations differently than non-

autistic or low-likelihood participants. 
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However, since the Predictive Processing framework offers so 

many advantages that other theories of autism do not (see page XX of this 

thesis), it seems that as a field we do not currently have a viable 

alternative. Given this lack of an alternative, I believe it is important that 

we thoroughly investigate this theory before abandoning it. There are also 

some findings by other researchers that seem to support the predictive 

processing account (see, for example, Crawley et al., 2019; Manning, 

Tibber, Charman, Dakin & Pellicano, 2015; Manning, Tibber & Dakin, 2017; 

van der Hallen, Lemmens, Steyaert, Noens & Wagemans, 2017; Zaidel, 

Goin-Kochel & Angelaki, 2015), so in the coming years it will be important 

to identify any commonalities tying those results together, to allow us to 

refine the theory and hopefully get closer to explaining data from these 

empirical studies mechanistically. When we consider all outcomes of my 

thesis together, it is hard to see how the accounts as they were originally 

formulated could be true: Under conditions of low uncertainty, in Chapters 

2 and 3, we saw no group differences. Under conditions of higher 

uncertainty, in Chapter 4 and 5, we still saw no group differences. Our next 

task, then, is to identify other possible conditions in which such differences 

may be observed. 

There are some new developments that suggest that maybe 

volatility, rather than uncertainty, is the key factor to be manipulated 

(Lawson et al., 2017; Arthur et al., under review). Volatility can be 

understood as the rate of changes in the statistics of the environment over 

time, and it may be that autistic individuals expect their environments to 

be more volatile than non-autistic individuals do, even when given the 

same information. This would mean that they weigh prediction errors 
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highly because they signal a change in the underlying statistics of the 

environment, as in the account by van de Cruys and colleagues (2014), but 

that this is driven not by a belief that the environment is always 

unpredictable, as may be expected in the van de Cruys (2014) model, but 

by the belief that the amount of predictability in the environment is 

unpredictable (Lawson et al., 2017). This distinction would not lead us to 

make different predictions in Chapters 4 and 5, as both theoretical 

positions predict a higher learning rate and more frequent updating in 

autism, so this idea will not reconcile the framework with the current null 

findings, but it may be worth exploring further with bespoke experimental 

designs. Future work should therefore include this additional dimension, to 

test whether volatility seems to be estimated differently by autistic and 

non-autistic individuals. 

This insight about volatility was possible due to computational 

modelling of the factors influencing participants’ behavioural responses 

and pupil dilation (Lawson et al., 2017), and illustrates the benefits of 

formally specifying relevant task parameters. Recent work on prediction 

error precision-weighting in people with schizophrenia has also uncovered 

some potential further directions for autism research. Sterzer and 

colleagues, for example, have posited that schizophrenia may lead to 

differential precision-weighting in different sensory modalities, or at 

different levels of the hierarchy (Sterzer et al., 2018). Sterzer and 

colleagues call for careful computational modelling in order to generate 

explicit tests derived from the theory, and highlight that Predictive 

Processing is a useful theory precisely because it lends itself to 

computational modelling. Schizophrenia research is currently ahead of 
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autism research in terms of computational and mechanistic explanations 

(Valton, Romaniuk, Steele, Lawrie & Seriès, 2017), and we could benefit 

from learning more from that field. Formal modelling allows psychologists 

not only to explain their hypotheses better, but also to explicitly specify 

parameters. Often, without formal modelling, theories are underspecified 

and this could indeed be said for Predictive Processing accounts of autism. 

There are many types of predictions and many levels of cognition and 

action at which the precision of prediction errors could be measured, and 

without formal specification this thesis used paradigms which intuitively 

and logically seemed the best tests of the hypothesis. With more formal 

modelling it may turn out that there are other avenues through which 

better hypothesis tests could be devised (Guest & Martin, 2020; 

Zaadnoordijk, 2020). 

We are also still conducting large longitudinal studies, and it could 

be that the sensitivity we gain from larger sample sizes allows us to zero in 

on small potential effects and understand better what is causing them. In 

Chapter 4 I listed sample sizes of previous studies of action prediction in 

autism, and the numbers were very small indeed, some even in the single 

digits. This has often been a problem for autism research, and it should be 

a goal for the field to only ask autistic participants to participate in well-

planned and theoretically strong studies. To achieve this, we need to better 

develop our theories before we design studies, and researchers need 

better training in statistical methods and more support to perform well-

powered studies. It is important to use participants’ time and effort wisely, 

on experiments asking well-specified questions that are well-powered 

enough to give a very meaningful answer to the research question. 
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Limitations of this thesis 
The current thesis aimed to assess a unifying account of all autism 

symptoms and characteristics, but it is important to acknowledge that such 

a theory must not only explain autistic behaviour in diverse domains, but 

also in diverse groups of participants. The young children and adolescents 

we tested all came from families who were motivated to participate in 

research and who judged their children to be capable of completing tasks 

for hours in a lab with strangers. This is unlikely to represent the diversity 

of all autistic individuals, and these results are therefore still limited. 

Although this is a widely-recognised issue in autism research (Russell et al., 

2019), it is still common to recruit research participants with higher 

socioeconomic status, who are verbal and more intellectually able. We 

know that around half of autistic individuals have some form of intellectual 

disability and 25-50% are non-verbal or minimally verbal (Baghdadli et al., 

2012; Lord, Risi & Pickles, 2004), and it is important to include these 

individuals in research to better understand and serve their needs. The 

younger siblings in our Longitudinal Prospective Study showed more 

diversity in their developmental level and verbal communication than the 

adolescents, but this is still an area for improvement. 

While the younger siblings in the Longitudinal Prospective Study 

did show some variability in those areas, which is more reflective of the 

diversity of autistic individuals than many studies with older participants, it 

is important to recognise that these children are also special in another 

way: They grow up in a family with at least one autistic older sibling. This is 

not the case for all autistic individuals, of course, and family environment 

explains a large amount of variation in cognitive development in the early 
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years (Patrick, 2000; Plomin, Fulker, Corley & DeFries, 1997). Some parents 

reported that younger siblings of autistic children were potentially copying 

behaviours they had seen their autistic sibling carry out, for example, while 

some parents also seemed to under-report autism characteristics in the 

younger siblings because they were not the same as the older sibling. It will 

be important for future studies to include a wide range of autistic 

participants when making any claims about the cognitive mechanisms 

underlying autism – any unifying account of the mechanisms of autism 

must include all autistic people. 

This leads to the thorny issue of whether there one autism even 

exists, and whether it is even hypothetically possible to explain autism 

symptoms, characteristics and behaviours based on one mechanistic 

account (Gallagher & Varga, 2015; Happé & Frith, 2020; Happé, Ronald & 

Plomin, 2006). There is currently a move away from categorical diagnostics 

towards dimensional diagnostics, that is, a more graded approach to 

developmental and psychiatric conditions. This will be an interesting 

development for autism specifically, since autism is highly heterogeneous 

and it is estimated that 95% of autistic individuals have co-occurring 

conditions (Soke, Maenner, Christensen, Kurzius-Spencer, & Schieve, 2018). 

Predictive Processing theories should easily accommodate such a move, 

however, since the weighting of predictions and prediction errors is 

necessarily a continuous dimension rather than a binary, and these are 

flexibly changed every moment depending on the context and reliability of 

information sources. Claiming that autistic people are likely to weight their 

prediction errors more heavily than non-autistic people is compatible with 

the idea that autism is a continuous dimension and that some people 
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would show this effect more strongly than others. It would not be so easy 

to accommodate a more radical shift to understanding autism not as one 

condition but as many, however. Such a move could come after identifying 

either many subtypes of autism or no condition called autism at all, and 

rather many people with varying combinations of other conditions. Deep 

learning approaches are currently starting to be applied to identify clusters 

of participants who show similar scores on test batteries, or similar 

changes over time in those scores (Bussu et al., 2019). Time will tell 

whether these clusters of participants will be clinically different, for 

example whether they turn out to have different therapy needs or to do 

particularly well in different school environments. In this case, the search 

for one cognitive mechanism underlying autism may be in vain, and the 

mixed results we see in the field now may be the result of conflating these 

clusters, but I do not believe we know enough yet to speculate further on 

this. 

I look forward to learning more about Predictive Processing in 

autistic and non-autistic development, as I think it is a powerful framework 

for understanding active learning (Begus, Gliga & Southgate, 2014; Kidd, 

Piantadosi & Aslin, 2012; Kidd, Piantadosi & Aslin, 2014; Poli, Serino, Mars 

& Hunnius, 2020) and could give us insights into autism even if it is not the 

unilateral underlying mechanism of all autism characteristics.   
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Nederlandse Samenvatting 
 

In dit proefschrift heb ik een theorie onderzocht waarin autisme uitgelegd 

wordt als een verschil in het verwerken van inkomende informatie 

ontvangen door de zintuigen. Als mensen ervaren wij allemaal onze wereld 

als een combinatie van actuele inkomende informatie aan de ene kant en 

onze verwachtingen en voormalige ervaringen aan de andere kant, en de 

sterkte van die twee informatiebronnen verschilt per situatie. Als het heel 

mistig is en je ziet niet zo goed als normaal, ben je meer afhankelijk van je 

verwachtingen, en daarom zou je misschien een grote voorwerp aan de 

kant van de straat als een busje zien, omdat uit je voormalige ervaringen 

weet je dat er een hoge kans is dat dat klopt. Als het niet mistig is, en je 

hoort dat er een inbraak bij de dierentuin is geweest, zou je misschien dat 

groot voorwerp aan de kant van de straat nauwkeurig als slapend olifant 

zien, omdat je zintuigelijke waarneming nu best goed is tijdens deze goede 

weer, en je voormalige verwachtingen niet zo vaak kloppen als er een 

bijzondere situatie als een dierentuin inbraak geldt. Voor elk instantie van 

perceptie overweegt je hersenen die twee bronnen, de inkomende 

zintuigelijke informatie en je verwachtingen, om tot een beslissing te 

komen over wat je dan wel niet waarneemt. De theorie die ik onderzocht 

heb beweert dat autistische mensen met die twee bronnen anders 

omgaan, en de zintuigelijke informatie zwaarder wegen dan de 

verwachtingen. 

Ik heb die theorie met vier experimenten getest, waarvan twee peuters als 

deelnemers hadden en twee hadden pubers. Die peuters hadden (nog) 

geen autisme diagnose maar waren jongere broertjes en zusjes van 

autistische en niet-autistische kinderen. Kindjes die jongere broertje of 

zusje van autistische kinderen zijn hebben zelf een verhoogde kans op een 

latere diagnose van autisme, en het blijft moeilijk om autisme vast te 

stellen bij jonge kinderen, dus die kindjes geven onderzoekers een manier 

om de vroege ontwikkeling van autisme te bestuderen, in vergelijking met 

die van kinderen die geen verhoogde kans hebben en waarschijnlijk niet 

autistisch zijn. We hebben daarom die twee groepen jongere broertjes en 

zusjes vanaf heel jong gevolgd, en in hoofdstuk 2 heb ik hun 

hersenactiviteit en kijkgedrag op zijn tweede gemeten, tijdens een 
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experiment die een visuele illusie aanbrengt. In hoofdstuk 5 heb ik op zijn 

derde hun prestatie met een leerspel gemeten, waarin ze een vaste 

patroon konden leren als ze het opviel op welk informatie ze moesten 

letten. In hoofdstuk 3 heb ik met hetzelfde visuele illusie experiment als 

hoofdstuk 2 de hersenactiviteit, kijkgedrag en gedrag van autistische en 

niet-autistische pubers gemeten. In hoofdstuk 4 heb ik diezelfde pubers 

nog eens hun hersenactiviteit en kijkgedrag gemeten in een ander 

experiment waarin ze een andere persoon dagelijkse handelingen hebben 

bekeken en ze konden die hendelingen voorspellen als ze informatie uit 

hun voormalige ervaringen gebruikten. Vanuit alle vier experimenten 

kwamen resultaten die duiden naar het conclusie dat de theorie niet klopt, 

dat wil zeggen, dit proefschrift suggereert dat autistische mensen en jonge 

kinderen met een verhoogde kans van autisme verschillen niet van niet-

autistische mensen en jonge kinderen zonder verhoogde kans in het wegen 

van informatiebronnen tijdens het perceptie. 

Ondanks dat de theorie in zijn huidige vorm waarschijnlijk niet klopt was 

het een waardevol onderzoek, omdat de theorie wel veelbelovend leek en 

heeft ons verder gebracht in het begrijpen van autisme. Ik ben benieuwd 

naar de volgende stappen in het hervormen of revisie van de theorie, en 

wat we allemaal daarvan kunnen leren. 
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