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Abstract

According to Bayesian/predictive coding models of autism, autistic individuals may have difficulties learning probabilistic
cue-outcome associations, but empirical evidence has been mixed. The target cues used in previous studies were often
straightforward and might not reflect real-life learning of such associations which requires learners to infer which cue(s)
among many to track. Across two experiments, we compared adult learners with varying levels of autistic traits on their ability
to infer the correct cue to learn probabilistic cue-outcome associations when explicitly instructed to do so or when exposed
implicitly. We found no evidence for the effect of autistic traits on probabilistic learning accuracy, contrary to the predic-
tions of Bayesian/predictive coding models. Implications for the current Bayesian/predictive coding models are discussed.
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Suppose one is trying to predict if it will rain shortly without
the benefit of a weather forecasting app. One might look at
the clouds to see if they are grey to help make the prediction
and act appropriately (e.g., grey clouds may signal rain, so
one might bring an umbrella). This example, though trivial,
demonstrates the necessary inferences and predictions that
we make to adapt and survive in the environment. Such
predictions can be understood from a Bayesian perspective
(Knill & Pouget, 2004), which, broadly speaking, incorpo-
rates both the bottom-up likelihood of the input (“How likely
do clouds appear grey when it rains?”’) and top-down pri-
ors or expectations (“How likely does it rain generally?”) to
determine the most optimal or rational prediction (i.e., the
posterior probability; “How likely does it rain when there
are grey clouds?”). According to predictive coding theo-
ries (Friston, 2005), when there is a discrepancy between
the prediction and the outcome (e.g., seeing grey clouds
and thinking it is going to rain but it does not), prediction
errors are generated, which can then be used to adjust the
internal generative model (e.g., lower the predictive value
of grey clouds and rain) so that future predictions will be
more optimal. But not all prediction errors are useful; some
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may simply be noise or random errors (e.g., that incident of
grey clouds was not predictive of rain because of haze and
smog in the atmosphere that day), and as such should be
ignored and no adjustment to the internal predictive model
should be made without further evidence. The ideal learner,
thus, needs to accurately weigh the prediction errors on their
importance to optimise their future predictions.

In recent times, various Bayesian and predictive coding
models, though differing in the specifics, have been proposed
to understand autism and explain myriad autistic experience
such as hypo/hyper-sensitivity to sensory stimuli, intoler-
ance to uncertainty, and restricted and repetitive behaviours
(Haker et al., 2016; Palmer et al., 2017). Some suggest that
autistic individuals make less use of top-down priors, and as
a result, experience the world too veridically (Pellicano &
Burr, 2012). Others have reached the same conclusion, but
argue that, instead of attenuated priors, autistic individuals
place more weight on bottom-up processes such as sensory
experience and input likelihood when making inferences
(Brock, 2012). As a consequence of attenuated priors and/
or inappropriate weighting on bottom-up processes, one
may experience a flooding of sensory information, a com-
monly reported autistic experience (Tavassoli et al., 2014),
as each sensory perception is experienced as new or more
intensely. Some propose that autistic individuals may have
atypical precision of the prediction error (Cruys et al., 2014;
Lawson et al., 2014) such that, they may treat all prediction
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errors—even those that should be ignored—as useful, lead-
ing to less optimal future inferences. Yet others propose
that autistic individuals have difficulties learning regulari-
ties from the environment, which are needed to make accu-
rate inferences (Sinha et al., 2014). Consequently, autistic
individuals are said to find unpredictable situations to be
challenging and thus may engage in predictable, repetitive
behaviours.

These theoretical models have found some support from
empirical studies that examined low-level sensory percep-
tion among autistic individuals. For example, when pre-
sented with two pairs of tones and required to judge whether
the tones within the second pair had the same frequency
or not, neurotypical individuals showed a bias towards the
preceding tone. Specifically, their representation of the first
tone of the second pair was biased by the second tone of the
first pair (a so-called “contraction bias”), whereas autistic
individuals were less likely to show such a bias, suggesting
a more veridical perception of the tones (Jaffe-Dax & Eigsti,
2020). Electrophysiological measures have also found that
autistic individuals showed less habituation in event-related
responses (ERP) to repeated stimuli (Jamal et al., 2020) and
less sensitivity to deviants of differing presentation frequen-
cies as measured using mismatch negativity (MMN) in an
oddball paradigm (Goris et al., 2018), which implies atypi-
cal prediction of incoming stimuli relative to neurotypical
individuals. However, conflicting findings have also been
reported (Finnemann et al., 2021; Knight et al., 2020; Van
de Cruys et al., 2018). For instance, compared to neurotypi-
cal individuals, autistic individuals showed similar improve-
ment in recognising ambiguous Mooney images after brief
exposure to the source image, suggesting intact priors among
autistic individuals (Cruys et al., 2018), and similar MMN
responses to auditory rhythmic deviants, which suggests
typical habituation and prediction (Knight et al., 2020).

Though most of the Bayesian and predictive coding
models of autism were initially used to describe low-level
sensory perception among autistic individuals, they may be
applicable to high-level cognitive processes in autism such
as learning of statistical regularities and associations as well
as prediction and decision-making. Some studies reported
that relative to neurotypical individuals, autistic individuals
showed differential neural responses to statistical learning
of a continuous auditory stream (Scott-Van Zeeland et al.,
2010a, 2010b; Wagley et al., 2020) and poorer learning of
cue-outcome associations that are needed to make accu-
rate predictions across various paradigms (Amoruso et al.,
2019; Fogelson et al., 2019; Greene et al., 2019; Lawson
et al., 2017; Sapey-Triomphe et al., 2021a, 2021b), point-
ing to difficulties autistic individuals may have with extract-
ing regularities from the input and having higher precision
to prediction errors. Those models have also been used to
understand whether learning differs when the environment
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changes, which is typically assessed using a probabilistic
reversal learning task: learners first learn the contingencies
of two cues and their outcomes over many trials (e.g., Cue
A is associated with a reward at an 80:20 reinforcement
schedule) after which the contingencies change (e.g., now
Cue B rewards at an 80:20 reinforcement schedule). Previ-
ous studies found that autistic individuals showed similar
performance as neurotypical individuals during the initial
learning stage (Costescu et al., 2015; D’Cruz et al., 2013),
but their performance was affected more during the reversal
stage than neurotypical individuals (e.g., by making more
perseverative errors, i.e., selecting the cue that was previ-
ously reinforced) (Crawley et al., 2020; Robic et al., 2015;
South et al., 2012). Note, however, like the low-level sensory
studies, mixed findings have been reported: relative to neu-
rotypical individuals, autistic individuals have shown simi-
lar performance on various statistical learning and implicit
learning tasks (Brown et al., 2010; Nemeth et al., 2010;
Obeid et al., 2016; Zwart et al., 2018a, 2018b); learning
cue-outcome associations that have a reinforcement schedule
of at least 70:30 (Retzler et al., 2021; Sapey-Triomphe et al.,
2021a, 2021b; Solomon et al., 2011); and during both the
initial and reversal stages of probabilistic reversal learning
(Manning et al., 2017). Thus, the empirical support for the
Bayesian and predictive coding models of autism is mixed
and remains to be determined.

The inconsistencies for the support for the Bayesian and
predictive coding models of autism may be due in part to
participant heterogeneity across the different studies (e.g.,
age differences, whether the autistic and NT participants
were properly matched, whether autistic traits or autism
diagnosis was used as comparison, etc.). Moreover, meth-
odological differences such as the use of different tasks and
how performance on the tasks were measured (i.e., using
behavioural accuracy, reaction time, computational model-
ling, or neuroimaging) across the different studies render it
difficult to compare and pinpoint exactly whether support for
the models is warranted. It is beyond the scope of this manu-
script to examine the inconsistencies empirically. Instead, we
tested support for the models by examining an aspect often
neglected in previous studies.

A common limitation across most of the statistical learn-
ing and cue-outcome association learning tasks above is that
the target cue to be tracked is often straightforward (e.g., in
a cue-outcome association task, the cues may be two audi-
tory tones of different frequencies; in a probabilistic reversal
learning task, learners learn the reward outcome of two dif-
ferent coloured boxes). This is not representative of the real-
life cue-outcome associations one must learn to guide our
predictions, which are often complex given the many-to-one
relationship between cues and outcomes. For example, when
trying to predict if it will rain, in addition to looking at the
colour of the clouds, one may smell the air for a ‘metallic’
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smell; see whether the shapes of pinecones are closed; and
determine whether cows around them are lying down accord-
ing to a folklore. But not all the cues are equally predictive (or
indeed valid), and so an ideal learner will need to infer over
time which cues are more reliable than others in their asso-
ciation with the outcome. While this has not been examined
directly, there are reasons to suspect that autistic individuals
may find this cue-inferencing process to be more challenging
than neurotypical individuals. Some researchers have noted
that autistic individuals tend to associate only one perceptual
cue of a complex cue stimulus with a response, a phenom-
enon termed ‘stimulus overselectivity’ (Lovaas et al., 1979;
Ploog, 2010), which may hinder their ability to infer the cor-
rect cue(s) to learn in a predictive context. Moreover, autis-
tic individuals’ tendency to commit perseverative errors in
probabilistic reversal learning tasks suggests that they may
find it difficult to switch between different cues to determine
the most predictive one.

The present experiments directly addressed the limita-
tion of straightforward cue-outcome relationships seen in
previous studies by examining whether one’s level of autistic
traits will influence their ability to infer and learn the target
cue from a stimulus with multi-faceted cues and its asso-
ciations with the outcome in a probabilistic learning task.
Specifically, the stimuli were auditory pseudospeech of vari-
ous length and acoustic manipulation and the target cue was
associated with the outcome deterministically (i.e., the cue
is 100% predictive of the outcome) or probabilistically (i.e.,
the cue is 75% predictive of the outcome). While the present
stimuli are still relatively simple compared to those encoun-
tered in real life, they are arguably more complex than those
seen in previous studies where the cues in the stimuli dif-
fered in one dimension only (e.g., tone frequency, colour,
etc.). Participants were either told explicitly to determine the
cue-outcome relationships in Experiment 1 (though note that
they were not specifically told which cue to focus on) or they
were exposed to the cue-outcome relationship implicitly via
a cover task in Experiment 2. The instruction manipulation
was motivated by recent suggestions that atypical predic-
tion processing may be more likely observed among autistic
individuals when the cue-outcome associations are low in
salience (Amoruso et al., 2019; Cannon et al., 2021; West-
erfield et al., 2015). Across both experiments, if individuals
with high autistic traits have difficulty inferring cues and
learning cue-outcome relationships, then there should be a
negative relationship between autistic traits and accuracy on
the probabilistic learning task.

Experiment 1 (Explicit)
Methods
Participants

A total of 101 individuals (Female n=54, Male n=44,
Other/Non-binary n = 3) participated in the study, about a
third of whom completed the experiment in-person in the
lab (n=29) and the rest completed the experiment online
(n=72)". All of them were adults; their age ranged between
16 and 58 years (M =34.71, SD=12.26). About a fifth of the
participants reported to have a clinical diagnosis of autism
spectrum conditions (ASC) (lab n=17; online n=3) but
due to the anonymity of the online experiment, we could
only confirm the diagnosis of the lab participants by veri-
fying their clinical diagnostic report. Three online partici-
pants reported that they ‘Don’t Know’ if they have a clinical
diagnosis of ASC, whereas the rest of the lab (n=12) and
online (n=67) participants reported they do not. Regard-
less of their diagnosis status, we used the Autism-Spectrum
Quotient (AQ) (Baron-Cohen et al., 2001) to measure their
autistic traits: the AQ scores for our sample ranged between
2 and 47 (M =24.65, SD=11.02). We recruited participants
for the lab study via our participant database, flyers/posters,
and social media while online participants were recruited
using Prolific. An additional seven participants completed
the online study but were excluded from the analysis as they
did not meet the attention check threshold (see Tasks subsec-
tion below). The study protocol was reviewed and approved
by the University Research Ethics Committee (UREC) at
the University of Reading. All participants provided their
written informed consent prior to their participation.

Tasks

Data collection for the lab study was conducted using Psy-
choPy (Peirce, 2007) whereas online data collection was
done using Gorilla (Anwyl-Irvine et al., 2020). All partici-
pants completed two tasks: (i) probabilistic learning task,
and (ii) perception task.

Probabilistic Learning Task There were two phases in the
probabilistic learning task: learning phase and test phase.
At the start of the learning phase, participants were told
that they would be presented with someone practising a
magic trick of reciting a spell and pulling an object out
from a top hat and that she might get it wrong sometimes.

! The change in data collection format was due to COVID-19 restric-
tions at the time of conducting this study
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Participants were told to decide which of four objects
displayed would be chosen after each spell within 1.5 s,
after which regardless of whether participants responded,
they would be shown the object that had been pulled
out (i.e., they would be given feedback). Participants
were instructed to try and figure out how the magic trick
worked, and to guess their responses if they were unsure.
The learning phase was divided into two blocks (first half
vs. second half) to examine learning over time. The test
phase that followed had the same format as the learning
phase except there was only one test block, no time limit
to respond, and no feedback.

The spells were presented auditorily and consisted of
strings of 3—7 nonsense syllables (e.g., ‘mot pel pel jig’,
‘dag ruk jig jig mot pel’, etc.) synthesised using Mac OS
X Speech Service with a female voice. We levelled the
pitch contour of each spell and then further manipulated
the spells in one of four ways such that as the spell unfolds,
the pitch contour rises (pitch-rise), falls (pitch-fall), or
the tempo of the spell increases (tempo-fast) or decreases
(tempo-slow). Pitch manipulation was done on Praat
(Boersma & Weenink, 2013), which involved changing the
shape of the rise or fall by approximately two semitones,
whereas tempo manipulation was performed on Audac-
ity (Audacity Team, 2018), which involved increasing/
decreasing the tempo of the second half of the spell by
40% using the built-in function in Audacity. Each of the
spell manipulation (pitch-rise, pitch-fall, tempo-fast, and
tempo-slow) was associated with one of four objects, and
we created two languages—Language A and Language
B—that differed in the spell manipulation-object assign-
ment. Participants were randomly assigned to one lan-
guage at the start of the experiment. Within each language,
two of the spell manipulation-object associations—one
pitch- and one tempo-manipulation—were deterministic
(i.e., the spell manipulation was 100% predictive of the
object) whereas the other two were probabilistic (i.e., the
spell manipulation was predictive of the object 75% of
the time). In total, 32 unique spells (4 spell manipula-
tions X 8 spells) were presented twice in the learning phase
whereas in the test phase, 20 unique spells (4 spell manip-
ulations X 5 spells), different from that encountered during
the learning phase, were presented twice. Importantly, at
no point during this task were participants told what cues
to attend to or how the spell manipulation-object associa-
tions were defined.

Participants completed four practice trials in the learn-
ing phase and two practice test trials in the test phase prior
to the main task to ensure they understood the instructions.
To ensure attentiveness and to exclude bot responses, we
included catch trials in the online study: participants were
instructed to press a particular key when they heard spells
produced by a male voice. Participants who scored less
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than 70% correct on the catch trials were excluded from
data analysis.

Perception Task Following the probabilistic learning task,
participants completed a perception task, which assessed
their ability to discriminate the pitch and tempo manipula-
tions, and thus acted as a control task to exclude the possible
confounding effects of perceptual ability on the probabilis-
tic learning task. A same/different paradigm was used: par-
ticipants were presented with pairs of disyllabic stimuli of
different syllables within each pair (e.g., “mot-pel” vs “jig-
mot”) with an inter-stimulus-interval of 500 ms. They were
instructed to determine whether the pairs were identical in
their acoustic cues and were explicitly told to not base their
judgment on the syllables themselves. For the same trials,
pairs of ‘base’ stimuli (i.e., flat pitch, no tempo manipula-
tion) were presented. For the different trials, ‘base’ stimuli
were paired with one of the four spell manipulations (pitch-
rise, pitch-fall, tempo-rise, and tempo-fall). Participants
completed 32 trials in total—16 same trials, 16 different
trials (4 trials for each spell manipulation)—presented in a
random order.

Procedure

Participants first completed a questionnaire on their demo-
graphic information and then the AQ questionnaire. Then,
participants completed the probabilistic learning task fol-
lowed by the perception task. The entire study took approxi-
mately 40 min to complete, and participants received mon-
etary compensation for their time.

Data Analysis

Prior to conducting a formal data analysis, visual inspec-
tion on the probabilistic learning task performance revealed
that some of the participants performed poorly, suggesting
floor effects. Similar to previous studies that removed par-
ticipants who failed to show learning in probabilistic tasks
(Solomon et al., 2011), we removed participants who scored
at or below 0.25 proportion correct (i.e., chance level for a
4-alternative forced choice task) in the test phase (n=15).
Thus, the data analysis for Experiment 1 reported below
is based on a final sample of 86 participants. Analysis on
the entire sample (n=101) can be found in Supplementary
Section S1, and generally the same pattern of findings was
found.

Perception Task For each participant, d-prime (d’) scores
for the pitch and tempo manipulations were calculated
separately. Extreme values of 0 and 1 for Hit and False
Alarm rates were adjusted upwards and downwards by 0.01,
respectively (Macmillan & Creelman, 2005). The d’ scores
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were compared against zero to determine whether partici-
pants reliably discriminated the pitch and tempo manipula-
tions. We also compared the pitch d’ and tempo d’ against
each other using a paired r-test to determine if there were
differences in discrimination ability between the two. Each
d’ was correlated with AQ to examine if discrimination abil-
ity differed as a function of autistic traits.

Probabilistic Learning Task To model participants’
responses in the learning phase, we fitted a binomial mixed
effects model to the data, with the dependent variable being
a binary variable (Correct/Incorrect, with Correct being the
object that is most likely associated with the spell manipula-
tion). As fixed effects, we entered Pitch d’, Tempo d’, AQ,
Block (Block 1 vs. Block 2), Type (Deterministic vs. Proba-
bilistic) and all the possible interactions between AQ, Block
and Type. We included Language as a fixed effect initially
but dropped it from the final model as it did not significantly
affect the results. As random effects, we entered by-subject
and by-item random intercepts and by-subject random slope
for Block and Type.

Participants’ responses in the test phase were also mod-
elled using a binomial mixed effects model, with the fol-
lowing fixed effects: Pitch d’, Tempo d’, AQ, Type (Deter-
ministic vs. Probabilistic) and AQ X Type. Language was
initially included as a fixed effect but was removed as it did
not significantly affect the results. We included subject- and
item-level random intercepts, and by-subject random slopes
for Type.

In the models above and subsequent models reported in
this paper, all continuous variables were mean centred, and
all categorical variables were effect-coded. As a measure
for effect size, we reported odds ratio, in which magnitude
further away from 1.0 (either greater or less) is interpreted
as a stronger association. The models were fitted using the
Ime4 package (Bates et al., 2015) and the statistical signifi-
cance of each fixed effect was determined using the func-
tion Anova() from the car package (Fox & Weisberg, 2019).
Pairwise comparisons were conducted using the emmeans
package (Lenth, 2019). All the predictors in each model had
a low variance inflation factor (VIF) value (< 3) as assessed
using the function check_collinearity() from the perfor-
mance package (Liidecke et al., 2021), suggesting no issue
with multicollinearity in each model.

Results and Discussion

Participants as a group reliably discriminated the pitch
and tempo manipulations (pitch d’: M =1.90, SD =1.06,
1(85)=16.62, p<0.001; tempo d’: M=2.60, SD=1.15,
1(85)=20.95, p <0.001), and their discrimination ability was
better in the tempo trials than in the pitch trials [#(85)=5.57,

Table1 Model output for the learning phase of Experiment 1
(Explicit)

Predictor Estimate SE z P Odds ratio
Intercept -036 0.10 -3.75 <.001 0.70
Pitch d’ —-0.05 0.08 -0.64 521 0.95
Tempo d’ 0.03 0.07 0.48 .633 1.03
AQ 0.00 0.01 -041 .685 1.00
Block -065 012 =566 <.001 0.52
Type 0.18  0.08 222 .027 1.20
AQxBlock 0.00 0.01 0.47 .638 1.00
AQxType -0.01 0.01 -1.15 249 0.99
Block x Type -0.10 0.12 -0.80 427 091

AQxBlock x Type 0.01 0.01 0.62 533 1.01

Final model: Correct~Pitch d’+Tempo d’+AQ*Block*Type + (1+
Block + TypelParticipant) + (1/Item)

p<0.001]. Higher AQ scores were significantly associated
with lower pitch d’, that is, lower pitch discrimination ability
[#(84)=— 0.25, p=0.019] but AQ scores were not associ-
ated with tempo d’ [r(84)=—0.17, p=0.125].

In the learning phase model (see Table 1 for the model
output), Block was a significant predictor [Xz(l) =32.08,
p <0.001], with accuracy on the second half greater than
the first (z=5.66, p<0.001), suggesting learning over
time. Type was also significant [Xz(l) =4.92, p=0.027],
suggesting that performance on the Deterministic trials
were more accurate than the Probabilistic trials (z=2.21,
p=0.027). Importantly, none of the predictors involving AQ
were significant (AQ: X2(1) =0.16, p=0.685; AQ x Block:
x*(1)=0.22, p=0.638; AQx Type: x*(1)=1.33, p=0.249;
AQ xBlock x Type: Xz(l) =0.39, p=0.533), suggesting that
there was no statistically significant effect of autistic traits on
learning the two types of associations (see Fig. 1A).

In the test phase model (see Table 2 for the model out-
put), just as in the learning phase, neither AQ [Xz(l) =0.02,
p=0.877] or AQX Type [Xz(l) =2.90, p=0.089] were
significant, suggesting that the accuracy of deterministic
and probabilistic trials was not related to autistic traits (see
Fig. 1B).

Overall, the findings from Experiment 1 revealed that
participants, regardless of their levels of autistic traits,
had similar performance on the deterministic and proba-
bilistic trials. This appears contrary to the Bayesian and
predictive coding accounts of autism (Brock, 2012; Cruys
et al., 2014; Lawson et al., 2014; Pellicano & Burr, 2012;
Sinha et al., 2014), which would predict that autistic indi-
viduals or individuals with higher levels of autistic traits
should perform worse on the probabilistic trials than neu-
rotypical individuals. One possibility for this may be our
task instructions, that is, participants were explicitly told
to figure out the magic trick. Indeed, some have suggested

@ Springer
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Fig. 1 Proportion correct on the deterministic (100%) and probabilistic (75%) trials as a function of autistic traits (AQ) for the learning phase by
block A and test phase B after removing participants who showed floor effects

Table 2 Model output for the test phase of Experiment 1 (Explicit)

Predictor Estimate SE z P Odds ratio
Intercept 0.38 0.18 212 .034 1.47
Pitch d’ 0.34 0.19 .79  .073 1.40
Tempo d’ 0.11 0.17 0.63 530 1.11
AQ 0.00 0.02 -0.17 .867 1.00
Type 0.22 0.16 140  .161 1.25
AQXxType —0.02 0.01 -1.70  .089 0.98

Final model: Correct~Pitch d” +Tempo d’ + AQ*Type + (1 + TypelPa
rticipant) + (1/1tem)

that differential performance in prediction and learning
associations among autistic and neurotypical individu-
als may be more readily observed under more implicit
conditions (Cannon et al., 2021). For example, when
the association between cue and outcome was made less
apparent (e.g., presented in the background), the autis-
tic group were less likely to learn the association (Amo-
ruso et al., 2019). Thus, in Experiment 2, we repeated
Experiment 1 with one crucial difference: participants
were not told to figure out the magic trick, but instead,
they completed a cover task during the learning phase
that nonetheless exposed them to the spell manipulation-
object associations.

@ Springer

Experiment 2 (Implicit)
Methods
Participants

Participants consisted of 73 adults (Female n =52, Male
n=17, Other/Non-binary n=4), with their ages ranging
between 18 and 59 M =28.16, SD=10.19). All partici-
pants, none of whom had participated in Experiment 1, were
recruited via Prolific and completed the experiment online.
About 37% of the participants reported having a clinical
diagnosis of ASC (n=27), though this was not verified due
to the data collection method. Three participants responded
that they ‘Don’t Know’ if they have a clinical diagnosis of
ASC, whereas the rest (n=43) reported they do not. Their
autistic traits, as measured using the AQ, ranged between
6 and 46 (M =26.93, SD=11.84). The study protocol was
reviewed and approved by the University Research Ethics
Committee (UREC) at the University of Reading. All par-
ticipants provided their written informed consent prior to
their participation.

Tasks
Similar to Experiment 1, data collection was conducted

using Gorilla and all participants completed two tasks: (i)
probabilistic learning task, and (ii) perception task.



Journal of Autism and Developmental Disorders

Probabilistic Learning Task Participants completed a similar
probabilistic learning task as Experiment 1 with one crucial
difference during the learning phase: participants were told
that the study was on how quickly one processes information
and thus, instead of predicting the outcome after each spell,
participants completed a cover task during which they had
to count the number of syllables in each spell and modify
the calculation based on the object that was shown within
5 s. For example, if they heard the spell ‘mot pel jig’ and the
leftmost object in the row of four objects were shown, then
the correct answer is ‘4’ (3 syllables+ Ist object). Thus,
participants were not explicitly told to figure out the asso-
ciations between spells and outcome like in Experiment 1,
but they were nonetheless exposed to the associations. The
cover task was preceded by four practice trials to ensure they
understood the instructions. To ensure attentiveness, catch
trials were implemented: participants were told to respond
‘0’ when they heard male spoken spells.

Perception Task The same perception task as in Experiment
1 was used.

Procedure

Just like in Experiment 1, participants completed the experi-
ment in the following order: (i) demographic questionnaire;
(i) AQ questionnaire; (iii) probabilistic learning task; and
(iv) perception task. The entire study took approximately
40 min to complete, and participants received monetary
compensation for their time.

Data Analysis

Similar to Experiment 1, we removed participants who
scored at or below 0.25 proportion correct (i.e., chance
level for a 4-alternative forced choice task) in the test phase
(n=28), leaving the data analysis for Experiment 2 below to
be based on 45 participants. Analysis on the entire sample
(n=173) is reported in Supplementary Sections S2 and S3,
and we found similar pattern of findings.

Perception Task We analysed participants’ perception task
scores in the same manner as in Experiment 1, that is, pitch
d’ and tempo d’ were calculated for each participant and we
assessed whether the two (i) were above zero; (ii) different
from each other; and (iii) correlated with AQ.

Probabilistic Learning Task We used a binomial mixed
effects model to model their accuracy on the cover task,
with the dependent variable being a binary variable (Cor-
rect/Incorrect), and we entered Pitch d’, Tempo d’, AQ,
Block (Block 1 vs. Block 2) and AQ X Block as fixed effects
(Type was not included here as it was irrelevant to the cover

Table 3 Model output for the learning phase (cover task) of Experi-
ment 2 (Implicit)

Predictor Estimate  SE z P Odds ratio
Intercept 1.32 0.23 5.66 <.001 3.75
Pitch d’ 0.57 0.19 3.00 .003 1.76
Tempo d’ -0.17 0.10 - 1.69 092 0.84
AQ —-0.01 0.01 - 0.86 389 0.99
Block - 0.59 0.14 -4.17 <.001 0.55
AQxBlock —0.01 0.01 —-0.98 327 0.99

Final model: Correct~Pitch d’+Tempo d’+ AQ*Block+ (1+Bloc
klParticipant) + (1/1tem)

task). We also included Language (A vs. B) initially, but it
was dropped as it did not significantly affect the results. We
included by-subject and by-item intercepts and by-subject
random slope for Block as random effects.

The same analysis as Experiment 1 for the test phase
was used to model the test phase data of Experiment 2: we
entered Pitch d’, Tempo d’, AQ, Type (Deterministic vs.
Probabilistic) and AQ X Type as fixed effects, and subject-
and item-level random intercepts and by-subject random
slopes for Type as random effects. We also compared the
test phases across experiments” using the following model:
as fixed effects, we entered Pitch d’, Tempo d’, AQ, Type
(Deterministic vs. Probabilistic), Experiment (Explicit vs.
Implicit) and all possible interactions between the latter
three, and as random effects, we included by-subject and
by-item intercepts as well as by-subject random slopes for
Type. Language was not included as a fixed effect in the final
model as it did not significantly affect the results.

Results and Discussion

Similar to Experiment 1, participants discriminated the
pitch and tempo manipulations above chance (pitch d’:
M=2.01, SD=0.73, #(44)=18.54, p<0.001; tempo d’:
M=2.25, SD=1.42, #(44)=10.58, p<0.001). However,
unlike Experiment 1, their performance between the two
was similar [#(44)=0.94, p=0.352], and their AQ scores
were not significantly associated with their discrimination
ability (pitch: r(43)=0.18, p=0.240; tempo: r(43)=— 0.25,
p=0.101).

Focusing just on their performance on the cover task
during the learning phase (see Table 3 for the model out-
put), Pitch d” was a significant predictor [X2(1)=8.98,
p=0.003]: higher pitch perception ability was associated
with greater accuracy on the cover task (B=0.57, SE=0.19,
z=3.00, p=0.003). Block was also a significant predictor

2 The learning phases across experiments could not be compared
meaningfully as the learning phase in Experiment 2 did not involve
participants predicting the outcome after each spell.
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Fig.2 Proportion correct on the cover task by block A and on the deterministic (100%) and probabilistic (75%) trials in the test phase B as a
function of autistic traits (AQ) after removing participants who showed floor effects

Table 4 Model output for the test phase of Experiment 2 (Implicit)

Table 5 Model output for comparison between test phases Experi-
ment 1 (Explicit) and Experiment 2 (Implicit)

Predictor Estimate  SE z P Odds ratio
Intercept —-0.75 0.06 —12.94 <.001 0.47
Pitch d’ 0.08 0.07 1.18 237 1.09
Tempo d’ 0.03 0.04 0.83 405 1.03
AQ 0.00 0.00 0.82 411 1.00
Type —0.10 0.13 -0.78 436 091
AQxType 0.01 0.01 1.14 254 1.01

Final model: Correct~Pitch d” +Tempo d’ + AQ*Type + (1 + TypelPa

rticipant) + (1/1tem)

[Xz(l) =17.41, p<0.001], with accuracy on the second half
greater than the first (z=3.92, p <0.001). There was no sig-
nificant effect of AQ on the accuracy of the cover task either
overall [x(1)=0.74, p=0.389] or by Block [x*(1)=0.96,
p=0.327], suggesting that participants, regardless of their
levels of autistic traits, showed practice-related improvement
(see Fig. 2A).

The model for the test phase (see Table 4) revealed that,
similar to Experiment 1, there was also no significant effect
of AQ [¢*(1)=0.66, p=0.416] or AQ x Type [y*(1)=1.28,
p=0.259], suggesting that autistic traits did not affect per-
formance on the deterministic and probabilistic trials (see
Fig. 2B).

When we compared the two test phases across the experi-
ments (see Table 5), we found that Pitch d’ was a significant
predictor [X2(1)=5.57, p=0.018] such that higher pitch
perception ability was associated with greater performance

@ Springer

Predictor Estimate SE z p Odds ratio
Intercept -024 0.12 -2.10 .036 0.78
Pitch &’ 028 0.12 2.36 .018 1.32
Tempo d’ 0.07 0.09 0.83 407 1.08
AQ 0.00 0.01 -0.07 945 1.00
Type 0.05 0.11 0.43 .664 1.05
Experiment .12 0.22 5.09 <.001 3.08
AQXType 0.00 0.01 -0.46 .642 1.00
AQ X Experiment -0.01 002 -040 .687 1.00
Type X Experiment 0.29 0.22 1.30 .193 1.33
AQ X Type x Experi- -0.04 0.02 -1.90 .058 0.96
ment

Final model: Correct~Pitch d’+Tempo d’+AQ*Type*Experiment
+ (1 + TypelParticipant) + (1Ttem)

(B=0.28, SE=0.12, z=2.36, p=0.018). We speculate that
the pitch d’ score may reflect reasoning skills, given that
previous studies have found an association between pitch
perception and nonverbal reasoning abilities (Chowdhury
et al., 2017), which is arguably important in a task like the
present study. Though note, however, that pitch perception
cannot bias the learning of different types of association in
this study as both deterministic and probabilistic associa-
tions had one pitch manipulation each. There was also a sig-
nificant effect of Experiment [Xz(l) =25.86, p<0.001], with
overall performance on the explicit experiment higher than
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the implicit experiment (z=15.08, p <0.001). While there
was no effect of AQ [X2(1)=O.OO, p=0.945], AQ x Type
[x%(1)=0.22, p=0.642], or AQ x Experiment [x*(1)=0.16,
p=0.687], the three-way interaction between AQ, Type
and Experiment was marginally significant [Xz(l) =3.61,
p=0.058, see Fig. 3]. Subsequent comparisons revealed a
marginal difference in the effect of AQ across Type, with the
estimated AQ slope for the deterministic trials slightly more
negative than that for the probabilistic trials for the explicit
experiment (z=1.91, p=0.057) but not the implicit experi-
ment (z=0.92, p=0.360). The difference in the effect of AQ
across experiments did not differ by type (Deterministic:
z=1.14, p=0.256; Probabilistic: z=0.49, p=0.625).

General Discussion

Making correct inferences and predictions is vital and per-
meates all aspects of our lives. To make an optimal predic-
tion, one needs to keep track of the statistical regularities in
the environment including cue-outcome associations. It is
unclear from previous studies whether autistic individuals
may have more difficulties learning statistical regularities in
the environment (Brown et al., 2010; Nemeth et al., 2010;
Scott-Van Zeeland et al., 2010a, 2010b; Wagley et al., 2020),
though it seems that their ability to do so is likely preserved
when the contingencies are relatively high (Sapey-Triomphe
et al., 2021a, 2021b; Solomon et al., 2011). However, those
previous studies tend to be simplistic in that the target cue to
be tracked is relatively straightforward and obvious, which is
unlike real-life situations given the many-to-one relationship
between cues and outcomes, and so learners need to infer
which cues are more reliable than others. We addressed this
limitation directly in this study by comparing individuals
with varying levels of autistic traits on learning cue-outcome

30 40 0 10 20 30 40

associations that are either deterministic or probabilistic
from a set of many possible cues. Participants were either
explicitly told to determine the cue-outcome associations
(Experiment 1) or performed a cover task that exposed them
to the associations implicitly (Experiment 2).

Our findings revealed no significant effect of autistic traits
on inferring the appropriate cue from a set of many possible
cues to learn deterministic or probabilistic contingencies.’
This study thus extends the findings of previous studies that
typically used a case—control approach, unlike the present
study, which found no group differences among autistic and
neurotypical individuals in learning single cue-outcome asso-
ciations that are at least 70% predictive (Costescu et al., 2015;
D’Cruz et al., 2013; Sapey-Triomphe et al., 2021a, 2021b;
Solomon et al., 2011). In our study, the effect of autistic traits
was not observed in either the explicit or implicit version of
the task, which contradicts some suggestions that differences
in prediction among autistic and neurotypical individuals are
more likely observed when the cue-outcome associations are
less apparent or have less predictive salience (Amoruso et al.,
2019; Cannon et al., 2021; Westerfield et al., 2015).

Overall, then, our findings contradict the predictions of
Bayesian and predictive coding accounts of autism. Regard-
less of whether autistic individuals have attenuated priors
(Pellicano & Burr, 2012), higher sensory precision (Brock,
2012), atypical precision of prediction errors (Cruys et al.,
2014; Lawson et al., 2014), or difficulties learning regulari-
ties needed to make predictions (Sinha et al., 2014), the dif-
ferent models would predict that autistic traits should affect
the learning of probabilistic associations more so than the

3 To confirm our frequentist analyses, we repeated the analyses using
Bayesian mixed models (see Supplementary Section S4) and found
no evidence for the effect of autistic traits on any of the models, that
is, we can be 95% certain that the slope does not differ from 0 given
our data.
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deterministic associations given the occasional incorrect feed-
back in the probabilistic trials. This was not what we found;
if anything, there was some indication that autistic traits
negatively affected the learning of deterministic associations
more so than probabilistic associations when learners were
explicitly told to figure out the associations. However, the
interaction was only marginally significant, and thus should
be interpreted with caution. We consider some possibilities
for our findings and the limitations of the present study below.

One possibility relates to our approach of using autistic
traits within the general population (some of whom self-
reported to be autistic albeit most were not) rather than using
a case—control design with autistic individuals with a clini-
cal diagnosis vs. neurotypical individuals commonly seen in
autism research. This is one of the limitations of the present
study as the two approaches are not equivalent; indeed, some
researchers have warned against conflating high levels of
autistic traits with autism (Lord & Bishop, 2021; Sasson &
Bottema-Beutel, 2021). In the literature, previous studies have
reported groups differences in case—control studies of various
statistical learning and prediction task (Crawley et al., 2020;
Robic et al., 2015; Scott-Van Zeeland et al., 2010a, 2010b;
Wagley et al., 2020) whereas those that examined autistic traits
failed to find any significant effects of autistic traits (Parks
et al., 2020; Retzler et al., 2021). However, there are many
counter-examples of this: some studies have found no group
differences in case—control studies (Barnes et al., 2008; Haebig
etal., 2017; Manning et al., 2017; Nemeth et al., 2010; Sapey-
Triomphe et al., 2021a, 2021b; Zwart et al., 2018b) and some
have found an effect of autistic traits on statistical learning
and prediction (Nassar & Troiani, 2021; Parks et al., 2020).
Moreover, some studies that have considered both approaches
have managed to replicate the same findings across case—con-
trol design and autistic traits (Cruys et al., 2018; Lawson et al.,
2017; Pell et al., 2016), suggesting that both approaches may
yield the same conclusion. Thus, while we cannot definitively
rule out that our findings are due to the present study using
autistic traits rather than a case—control approach,* we think it
is unlikely the main reason for our findings.

* We repeated the analyses using two different case—control
approaches: we assigned participants to (i) high vs. low autistic traits
group based on the AQ scores (see Supplementary Section S5); and
(ii) autistic vs. neurotypical group based on their self-reported autism
diagnosis (see Supplementary Section S6). Similar findings as the
continuous autistic traits analyses were found, with the exception
that in the test phase of Experiment 1 (Explicit), individuals with low
autistic traits and neurotypical participants showed better performance
in the Deterministic compared to Probabilistic trials whereas individu-
als with high autistic traits and autistic participants did not. The same
pattern was additionally found in the learning phase of Experiment
1, but only in the autism diagnosis analysis. However, these findings
should be interpreted with caution given the unequal number of par-
ticipants across groups in Experiment 1 (Autistic traits group analysis:
High autistic group n=22 vs. Low autistic group n=64; Autism diag-
nosis analysis: Autistic group n=16 vs. Neurotypical group n="70).
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Another possibility concerns our task and measurement
of statistical learning. The novel task that we have created
may have been too difficult, especially the implicit task,
leading many to show floor effects. However, comparing
the analysis with the full sample and with those that per-
formed above chance level showed similar findings in that
autistic traits did not affect participant’s performance on the
deterministic and probabilistic associations. Thus, the issue
of task difficulty may contribute but is unlikely to be the
main cause for our findings. Setting task difficulty aside,
the measurement used, that is, behavioural accuracy, may
not be sensitive enough to detect the effects of autistic traits.
Specifically, such crude behavioural measures do not capture
the mechanism or compensatory strategies one may use to
base their response, which can be revealed by computational
modelling instead. Previous studies have reported group
differences in certain model parameters (e.g., the learning
rate) in tasks such as the probabilistic reversal learning task
(Crawley et al., 2020; Lawson et al., 2017), though others
using a similar task have failed to find any group differ-
ences or effects of autistic traits on such model parameters
(Goris et al., 2021; Manning et al., 2017). Neuroimaging is
another sensitive tool that tends to reveal group differences
in statistical learning and prediction and help elucidate the
underlying atypical mechanism. For example, compared to
neurotypical individuals, autistic individuals tend to show
less neural activation during statistical learning (Scott-Van
Zeeland et al., 2010a, 2010b; Travers et al., 2015) and less
differential electrophysiological activity between deviant
types of different frequency (Goris et al., 2018). Overall,
more studies that incorporate these sensitive measures are
needed in the future to clarify the current findings.

Finally, it is possible that perhaps we did not find
any effect of autistic traits on statistical learning simply
because autism or autistic traits do not influence one’s
ability to infer, learn, and predict from statistical regu-
larities. Our findings add to the growing body of research
that found similar performances between autistic and
neurotypical individuals in various statistical learning
and prediction tasks such as probabilistic classification
learning (Brown et al., 2010), artificial grammar learning
(Brown et al., 2010), auditory segmentation (Haebig et al.,
2017), serial reaction time (Barnes et al., 2008; Brown
et al., 2010; Nemeth et al., 2010; Zwart et al., 2018a,
2018b), probabilistic reversal learning (Manning et al.,
2017), and learning cue-outcome associations (Retzler
et al., 2021; Sapey-Triomphe et al., 2021a, 2021b). If this
were true, then the current Bayesian and predictive cod-
ing theories of autism might need to be refined; perhaps
the current accounts may be better suited to explain low-
level perceptual and sensory autistic experiences, but not
higher-level cognitive aspect of autism. Note, however,
that Bayesian theories of autism were used to explain
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sensory hypersensitivity, which, if true, should predict
that higher autistic traits would be associated with better
sensory (pitch) perception. This was not the case in our
study, which further casts doubt on using such theories to
explain autistic experiences.

In conclusion, we did not find any evidence that autis-
tic traits affect the learning of cue-outcome relationships
when learners have to infer from a complex set of cues either
explicitly or implicitly. While our findings may be due to our
methodology (e.g., using autistic traits rather than clinical
diagnosis; task difficulty; low sensitivity of our measure-
ment), this study, together with others that similarly found
no group differences in statistical learning and prediction
across various study designs and tasks, casts doubt on the
current Bayesian and predictive coding models of autism.
More work is needed to further understand the underlying
mechanism of statistical learning and prediction among
autistic and neurotypical individuals, which will help refine
the current theories of autism.

Acknowledgements We are grateful to all our participants who
volunteered their time to participate inresearch despite the ongoing
pandemic. This work was supported by a European ResearchCouncil
(ERC) Starting Grant (CAASD, 678733) awarded to FL and the Euro-
pean Union’sHorizon 2020 research and innovation programme under
the Marie Sktodowska-Curie grantagreement No. 887283 awarded to
JHO. The funding bodies had no role in the design of thestudy and
collection, analysis, and interpretation of data and in writing the
manuscript.

Author Contributions Conceptualization: JHO, FL; Methodology:
JHO; Formal analysis and investigation: JHO; Writing—original draft
preparation: JHO; Writing—review and editing: JHO, FL; Funding
acquisition: JHO, FL.

Funding This work was supported by a European Research Council
(ERC) Starting Grant (CAASD, 678733) awarded to FL and the Euro-
pean Union’s Horizon 2020 research and innovation programme under
the Marie Sktodowska-Curie grant agreement No. 887283 awarded
to JHO.

Data Availability The dataset supporting the conclusions of this article
is available in https://osf.io/7z5p4/.

Declarations

Competing interest The authors have no relevant financial or non-
financial interest to disclose.

Ethics Approval & Consent The study protocol was reviewed and
approved by the University Research Ethics Committee (UREC) at the
University of Reading. All participants provided their written informed
consent prior to their participation.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes

were made. The images or other third party material in this article are
included in the article's Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

Amoruso, L., Narzisi, A., Pinzino, M., Finisguerra, A., Billeci, L.,
Calderoni, S., Fabbro, F., Muratori, F., Volzone, A., & Urgesi,
C. (2019). Contextual priors do not modulate action prediction
in children with autism. Proceedings of the Royal Society B,
286(1908), 20191319. https://doi.org/10.1098/rspb.2019.1319

Anwyl-Irvine, A. L., Massonnié, J., Flitton, A., Kirkham, N., & Ever-
shed, J. K. (2020). Gorilla in our midst: An online behavioral
experiment builder. Behavior Research Methods, 52(1), 388-407.
https://doi.org/10.3758/s13428-019-01237-x

Audacity Team, (2018). Audacity (2.3.2) [Computer software]. https://
www.audacityteam.org/

Barnes, K. A., Howard, J. H., Howard, D. V., Gilotty, L., Kenworthy,
L., Gaillard, W. D., & Vaidya, C. J. (2008). Intact implicit learn-
ing of spatial context and temporal sequences in childhood autism
spectrum disorder. Neuropsychology, 22(5), 563-570. https://doi.
org/10.1037/0894-4105.22.5.563

Baron-Cohen, S., Wheelwright, S., Skinner, R., Martin, J., & Clubley,
E. (2001). The autism-spectrum quotient (AQ): Evidence from
Aperger syndrome/high-functioning autism, males, and females,
scientists and mathematicians. Journal of Autism and Develop-
mental Disorders, 31(1), 5-17.

Bates, D., Maechler, M., Bolker, B., & Walker, S. (2015). Fitting linear
mixed-effects models using Ime4. Journal of Statistical Software,
67(1), 1-48.

Boersma, P., & Weenink, D. (2013). Praat: Doing phonetics by com-
puter. http://www.praat.org

Brock, J. (2012). Alternative Bayesian accounts of autistic perception:
Comment on pellicano and burr. Trends in Cognitive Sciences,
16(12), 573-574. https://doi.org/10.1016/j.tics.2012.10.005

Brown, J., Aczel, B., Jiménez, L., Kaufman, S. B., & Grant, K. P.
(2010). Intact implicit learning in autism spectrum conditions.
Quarterly Journal of Experimental Psychology, 63(9), 1789—
1812. https://doi.org/10.1080/17470210903536910

Cannon, J., O’Brien, A. M., Bungert, L., & Sinha, P. (2021). Prediction
in autism spectrum disorder: A systematic review of empirical
evidence. Autism Research, 14(4), 604-630. https://doi.org/10.
1002/aur.2482

Chowdhury, R., Sharda, M., Foster, N. E. V., Germain, E., Tryfon, A.,
Doyle-Thomas, K., Anagnostou, E., & Hyde, K. L. (2017). Audi-
tory pitch perception in autism spectrum disorder is associated
with nonverbal abilities. Perception, 46(11), 1298-1320. https://
doi.org/10.1177/0301006617718715

Costescu, C. A., Vanderborght, B., & David, D. O. (2015). Reversal
learning task in children with autism spectrum disorder: A robot-
based approach. Journal of Autism and Developmental Disorders,
45(11), 3715-3725. https://doi.org/10.1007/s10803-014-2319-z

Crawley, D., Zhang, L., Jones, E. J. H., Ahmad, J., Oakley, B.,
Caceres, A. S. J., Charman, T., Buitelaar, J. K., Murphy, D. G.
M., Chatham, C., den Ouden, H., & Loth, E. (2020). Modeling
flexible behavior in childhood to adulthood shows age-dependent
learning mechanisms and less optimal learning in autism in each

@ Springer


https://osf.io/7z5p4/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1098/rspb.2019.1319
https://doi.org/10.3758/s13428-019-01237-x
https://www.audacityteam.org/
https://www.audacityteam.org/
https://doi.org/10.1037/0894-4105.22.5.563
https://doi.org/10.1037/0894-4105.22.5.563
http://www.praat.org
https://doi.org/10.1016/j.tics.2012.10.005
https://doi.org/10.1080/17470210903536910
https://doi.org/10.1002/aur.2482
https://doi.org/10.1002/aur.2482
https://doi.org/10.1177/0301006617718715
https://doi.org/10.1177/0301006617718715
https://doi.org/10.1007/s10803-014-2319-z

Journal of Autism and Developmental Disorders

age group. PLoS Biology, 18(10), e3000908. https://doi.org/10.
1371/journal.pbio.3000908

D’Cruz, A.-M., Ragozzino, M. E., Mosconi, M. W., Shrestha, S., Cook,
E. H., & Sweeney, J. A. (2013). Reduced behavioral flexibility
in autism spectrum disorders. Neuropsychology, 27(2), 152-160.
https://doi.org/10.1037/a0031721

Finnemann, J. J. S., Plaisted-Grant, K., Moore, J., Teufel, C., &
Fletcher, P. C. (2021). Low-level, prediction-based sensory and
motor processes are unimpaired in autism. Neuropsychologia,
156, 107835. https://doi.org/10.1016/j.neuropsychologia.2021.
107835

Fogelson, N., Li, L., Diaz-Brage, P., Amatriain-Fernandez, S., &
Valle-Inclan, F. (2019). Altered predictive contextual processing
of emotional faces versus abstract stimuli in adults with autism
spectrum disorder. Clinical Neurophysiology, 130(6), 963-975.
https://doi.org/10.1016/j.clinph.2019.03.031

Fox, J., & Weisberg, S. (2019). An R companion to applied regression
(3rd ed.). Sage.

Friston, K. (2005). A theory of cortical responses. Philosophical Trans-
actions of the Royal Society B, 360(1456), 815-836. https://doi.
org/10.1098/rstb.2005.1622

Goris, J., Braem, S., Nijhof, A. D., Rigoni, D., Deschrijver, E., Van de
Cruys, S., Wiersema, J. R., & Brass, M. (2018). Sensory predic-
tion errors are less modulated by global context in autism spec-
trum disorder. Biological Psychiatry, 3(8), 667-674. https://doi.
org/10.1016/j.bpsc.2018.02.003

Goris, J., Silvetti, M., Verguts, T., Wiersema, J. R., Brass, M., &
Braem, S. (2021). Autistic traits are related to worse performance
in a volatile reward learning task despite adaptive learning rates.
Autism, 25(2), 440-451. https://doi.org/10.1177/1362361320
962237

Greene, R. K., Zheng, S., Kinard, J. L., Mosner, M. G., Wiesen, C.
A., Kennedy, D. P., & Dichter, G. S. (2019). Social and nonso-
cial visual prediction errors in autism spectrum disorder. Autism
Research, 12(6), 878-883. https://doi.org/10.1002/aur.2090

Haebig, E., Saffran, J. R., & Ellis Weismer, S. (2017). Statistical word
learning in children with autism spectrum disorder and specific
language impairment. Journal of Child Psychology and Psychia-
try. https://doi.org/10.1111/jcpp.12734

Haker, H., Schneebeli, M., & Stephan, K. E. (2016). Can Bayesian
theories of autism spectrum disorder help improve clinical prac-
tice? Frontiers in Psychiatry, 7(107), 1-17. https://doi.org/10.
3389/fpsyt.2016.00107

Jaffe-Dax, S., & Eigsti, I.-M. (2020). Perceptual inference is impaired
in individuals with ASD and intact in individuals who have lost
the autism diagnosis. Scientific Reports, 10(1), 17085. https://doi.
org/10.1038/541598-020-72896-6

Jamal, W., Cardinaux, A., Haskins, A. J., Kjelgaard, M., & Sinha, P.
(2020). Reduced sensory habituation in autism and its correlation
with behavioral measures. Journal of Autism and Developmental
Disorders. https://doi.org/10.1007/s10803-020-04780-1

Knight, E. J., Oakes, L., Hyman, S. L., Freedman, E. G., & Foxe, J.
J. (2020). Individuals with autism have no detectable deficit in
neural markers of prediction error when presented with auditory
rhythms of varied temporal complexity. Autism Research, 13(12),
2058-2072. https://doi.org/10.1002/aur.2362

Knill, D. C., & Pouget, A. (2004). The Bayesian brain: The role of
uncertainty in neural coding and computation. Trends in Neu-
rosciences, 27(12), 712-719. https://doi.org/10.1016/j.tins.2004.
10.007

Lawson, R. P., Mathys, C., & Rees, G. (2017). Adults with autism
overestimate the volatility of the sensory environment. Nature
Neuroscience, 20(9), 1293-1299. https://doi.org/10.1038/nn.4615

Lawson, R. P, Rees, G., & Friston, K. J. (2014). An aberrant precision
account of autism. Frontiers in Human Neuroscience, 8(May),
1-10. https://doi.org/10.3389/fnhum.2014.00302

@ Springer

Lenth, R. V. (2019). emmeans: Estimated Marginal Means, aka Least-
Squares Means. https://cran.r-project.org/package=emmeans

Lord, C., & Bishop, S. L. (2021). Let’s be clear that “autism spectrum
disorder symptoms” are not always related to autism spectrum dis-
order. American Journal of Psychiatry, 178(8), 680-682. https://
doi.org/10.1176/appi.ajp.2021.21060578

Lovaas, O. L., Koegel, R. L., & Schreibman, L. (1979). Stimulus over-
selectivity in sutism: A review of research. Psychological Bulletin,
86(6), 1236-1254.

Liidecke, D., Ben-Shachar, M. S., Patil, I., Waggoner, P., & Makowski,
D. (2021). performance: An R package for assessment, compar-
ison and testing of statistical models. Journal of Open Source
Software, 6(60), 3139.

Macmillan, N. A., & Creelman, C. D. (2005). Detection theory: A
user’s guide (2nd ed.). Lawrence Erlbaum Associates Publishers.

Manning, C., Kilner, J., Neil, L., Karaminis, T., & Pellicano, E.
(2017). Children on the autism spectrum update their behaviour
in response to a volatile environment. Developmental Science,
20(5), 1-13. https://doi.org/10.1111/desc.12435

Nassar, M. R., & Troiani, V. (2021). The stability flexibility trade-
off and the dark side of detail. Cognitive, Affective, & Behav-
ioral Neuroscience, 21(3), 607-623. https://doi.org/10.3758/
$13415-020-00848-8

Nemeth, D., Janacsek, K., Balogh, V., Londe, Z., Mingesz, R., Faze-
kas, M., Jambori, S., Danyi, 1., & Vetro, A. (2010). Learning in
autism: Implicitly superb. PLoS ONE. https://doi.org/10.1371/
journal.pone.0011731

Obeid, R., Brooks, P. J., Powers, K. L., Gillespie-Lynch, K., & Lum,
J. A. G. (2016). Statistical learning in specific language impair-
ment and autism spectrum disorder: A meta-analysis. Frontiers in
Psychology. https://doi.org/10.3389/fpsyg.2016.01245

Palmer, C. J., Lawson, R. P., & Hohwy, J. (2017). Bayesian approaches
to autism: Towards volatility, action, and behavior. Psychological
Bulletin, 143(5), 521-542. https://doi.org/10.1037/bul0000097

Parks, K. M. A., Griffith, L. A., Armstrong, N. B., & Stevenson, R. A.
(2020). Statistical learning and social competency: The mediating
role of language. Scientific Reports, 10(1), 1-15. https://doi.org/
10.1038/541598-020-61047-6

Peirce, J. W. (2007). PsychoPy-psychophysics software in python.
Journal of Neuroscience Methods, 162(1-2), 8—13. https://doi.
org/10.1016/j.jneumeth.2006.11.017

Pell, P. J., Mareschal, 1., Calder, A. J., von dem Hagen, E. A. H., Clif-
ford, C. W., Baron-Cohen, S., & Ewbank, M. P. (2016). Intact
priors for gaze direction in adults with high-functioning autism
spectrum conditions. Molecular Autism. https://doi.org/10.1186/
$13229-016-0085-9

Pellicano, E., & Burr, D. (2012). When the world becomes ‘too real’:
A Bayesian explanation of autistic perception. Trends in Cog-
nitive Sciences, 16(10), 504-510. https://doi.org/10.1016/j.tics.
2012.08.009

Ploog, B. O. (2010). Stimulus overselectivity four decades later: A
review of the literature and its implications for current research
in autism spectrum disorder. Journal of Autism and Develop-
mental Disorders, 40(11), 1332-1349. https://doi.org/10.1007/
s10803-010-0990-2

Retzler, C., Boehm, U., Cai, J., Cochrane, A., & Manning, C. (2021).
Prior information use and response caution in perceptual decision-
making: No evidence for a relationship with autistic-like traits.
Quarterly Journal of Experimental Psychology. https://doi.org/
10.1177/17470218211019939

Robic, S., Sonié, S., Fonlupt, P., Henaff, M.-A., Touil, N., Coricelli, G.,
Mattout, J., & Schmitz, C. (2015). Decision-making in a changing
world: A study in autism spectrum disorders. Journal of Autism
and Developmental Disorders, 45(6), 1603—1613. https://doi.org/
10.1007/s10803-014-2311-7


https://doi.org/10.1371/journal.pbio.3000908
https://doi.org/10.1371/journal.pbio.3000908
https://doi.org/10.1037/a0031721
https://doi.org/10.1016/j.neuropsychologia.2021.107835
https://doi.org/10.1016/j.neuropsychologia.2021.107835
https://doi.org/10.1016/j.clinph.2019.03.031
https://doi.org/10.1098/rstb.2005.1622
https://doi.org/10.1098/rstb.2005.1622
https://doi.org/10.1016/j.bpsc.2018.02.003
https://doi.org/10.1016/j.bpsc.2018.02.003
https://doi.org/10.1177/1362361320962237
https://doi.org/10.1177/1362361320962237
https://doi.org/10.1002/aur.2090
https://doi.org/10.1111/jcpp.12734
https://doi.org/10.3389/fpsyt.2016.00107
https://doi.org/10.3389/fpsyt.2016.00107
https://doi.org/10.1038/s41598-020-72896-6
https://doi.org/10.1038/s41598-020-72896-6
https://doi.org/10.1007/s10803-020-04780-1
https://doi.org/10.1002/aur.2362
https://doi.org/10.1016/j.tins.2004.10.007
https://doi.org/10.1016/j.tins.2004.10.007
https://doi.org/10.1038/nn.4615
https://doi.org/10.3389/fnhum.2014.00302
https://cran.r-project.org/package=emmeans
https://doi.org/10.1176/appi.ajp.2021.21060578
https://doi.org/10.1176/appi.ajp.2021.21060578
https://doi.org/10.1111/desc.12435
https://doi.org/10.3758/s13415-020-00848-8
https://doi.org/10.3758/s13415-020-00848-8
https://doi.org/10.1371/journal.pone.0011731
https://doi.org/10.1371/journal.pone.0011731
https://doi.org/10.3389/fpsyg.2016.01245
https://doi.org/10.1037/bul0000097
https://doi.org/10.1038/s41598-020-61047-6
https://doi.org/10.1038/s41598-020-61047-6
https://doi.org/10.1016/j.jneumeth.2006.11.017
https://doi.org/10.1016/j.jneumeth.2006.11.017
https://doi.org/10.1186/s13229-016-0085-9
https://doi.org/10.1186/s13229-016-0085-9
https://doi.org/10.1016/j.tics.2012.08.009
https://doi.org/10.1016/j.tics.2012.08.009
https://doi.org/10.1007/s10803-010-0990-2
https://doi.org/10.1007/s10803-010-0990-2
https://doi.org/10.1177/17470218211019939
https://doi.org/10.1177/17470218211019939
https://doi.org/10.1007/s10803-014-2311-7
https://doi.org/10.1007/s10803-014-2311-7

Journal of Autism and Developmental Disorders

Sapey-Triomphe, L.-A., Temmerman, J., Puts, N. A. J., & Wagemans,
J. (2021a). Prediction learning in adults with autism and its molec-
ular correlates. Molecular Autism, 12(1), 64. https://doi.org/10.
1186/513229-021-00470-6

Sapey-Triomphe, L.-A., Weilnhammer, V. A., & Wagemans, J. (2021b).
Associative learning under uncertainty in adults with autism:
Intact learning of the cue-outcome contingency, but slower updat-
ing of priors. Autism. https://doi.org/10.1177/136236132110450
26

Sasson, N. J., & Bottema-Beutel, K. (2021). Studies of autistic traits in
the general population are not studies of autism. Autism. https://
doi.org/10.1177/13623613211058515

Scott-Van Zeeland, A. A., Dapretto, M., Ghahremani, D. G., Poldrack,
R. A., & Bookheimer, S. Y. (2010a). Reward processing in autism.
Autism Research, 3(2), 53—67. https://doi.org/10.1002/aur.122

Scott-Van Zeeland, A. A., McNealy, K., Wang, T. A., Sigman, M.,
Bookheimer, S. Y., & Dapretto, M. (2010b). No neural evidence
of statistical learning during exposure to artificial languages in
children with autism spectrum disorders. Biological Psychatry,
68(4), 345-351. https://doi.org/10.1016/j.biopsych.2010.01.011.
No

Sinha, P, Kjelgaard, M. M., Gandhi, T. K., Tsourides, K., Cardinaux,
A. L., Pantazis, D., Diamond, S. P., & Held, R. M. (2014). Autism
as a disorder of prediction. Proceedings of the National Academy
of Sciences, 111(42), 15220-15225. https://doi.org/10.1073/pnas.
1416797111

Solomon, M., Smith, A. C., Frank, M. J., Ly, S., & Carter, C. S. (2011).
Probabilistic reinforcement learning in adults with autism spec-
trum disorders. Autism Research, 4(2), 109—120. https://doi.org/
10.1002/aur.177

South, M., Newton, T., & Chamberlain, P. D. (2012). Delayed reversal
learning and association with repetitive behavior in autism spec-
trum disorders. Autism Research, 5(6), 398—406. https://doi.org/
10.1002/aur.1255

Tavassoli, T., Miller, L. J., Schoen, S. A., Nielsen, D. M., & Baron-
Cohen, S. (2014). Sensory over-responsivity in adults with autism
spectrum conditions. Autism, 18(4), 428-432. https://doi.org/10.
1177/1362361313477246

Travers, B. G., Kana, R. K., Klinger, L. G., Klein, C. L., & Klinger,
M. R. (2015). Motor learning in individuals with autism spectrum
disorder: Activation in superior parietal lobule related to learning
and repetitive behaviors. Autism Research, 8(1), 38-51. https://
doi.org/10.1002/aur.1403

Van de Cruys, S., Evers, K., Van der Hallen, R., Van Eylen, L., Boets,
B., De-Wit, L., & Wagemans, J. (2014). Precise minds in uncer-
tain worlds: Predictive coding in autism. Psychological Review,
121(4), 649-675. https://doi.org/10.1037/a0037665

Van de Cruys, S., Vanmarcke, S., Van de Put, 1., & Wagemans, J.
(2018). The use of prior knowledge for perceptual inference is
preserved in ASD. Clinical Psychological Science, 6(3), 382-393.
https://doi.org/10.1177/2167702617740955

Wagley, N., Lajiness-O’Neill, R., Hay, J. S. F., Bowyer, S. M., Ugolini,
M., Kovelman, I., & Brennan, J. R. (2020). Predictive process-
ing during a naturalistic statistical learning task in ASD. Eneuro.
https://doi.org/10.1523/ENEURO.0069-19.2020

Westerfield, M. A., Zinni, M., Vo, K., & Townsend, J. (2015). Tracking
the sensory environment: An ERP study of probability and context
updating in ASD. Journal of Autism and Developmental Disor-
ders, 45(2), 600-611. https://doi.org/10.1007/s10803-014-2045-6

Zwart, F. S., Vissers, C. T. W. M., Kessels, R. P. C., & Maes, J. H. R.
(2018b). Implicit learning seems to come naturally for children
with autism, but not for children with specific language impair-
ment: Evidence from behavioral and ERP data. Autism Research,
11(7), 1050-1061. https://doi.org/10.1002/aur.1954

Zwart, F. S., Vissers, C. T. W. M., & Maes, J. H. R. (2018a). The asso-
ciation between sequence learning on the serial reaction time task
and social impairments in autism. Journal of Autism and Devel-
opmental Disorders. https://doi.org/10.1007/s10803-018-3529-6

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

@ Springer


https://doi.org/10.1186/s13229-021-00470-6
https://doi.org/10.1186/s13229-021-00470-6
https://doi.org/10.1177/13623613211045026
https://doi.org/10.1177/13623613211045026
https://doi.org/10.1177/13623613211058515
https://doi.org/10.1177/13623613211058515
https://doi.org/10.1002/aur.122
https://doi.org/10.1016/j.biopsych.2010.01.011.No
https://doi.org/10.1016/j.biopsych.2010.01.011.No
https://doi.org/10.1073/pnas.1416797111
https://doi.org/10.1073/pnas.1416797111
https://doi.org/10.1002/aur.177
https://doi.org/10.1002/aur.177
https://doi.org/10.1002/aur.1255
https://doi.org/10.1002/aur.1255
https://doi.org/10.1177/1362361313477246
https://doi.org/10.1177/1362361313477246
https://doi.org/10.1002/aur.1403
https://doi.org/10.1002/aur.1403
https://doi.org/10.1037/a0037665
https://doi.org/10.1177/2167702617740955
https://doi.org/10.1523/ENEURO.0069-19.2020
https://doi.org/10.1007/s10803-014-2045-6
https://doi.org/10.1002/aur.1954
https://doi.org/10.1007/s10803-018-3529-6

	Probabilistic Learning of Cue-Outcome Associations is not Influenced by Autistic Traits
	Abstract
	Experiment 1 (Explicit)
	Methods
	Participants
	Tasks
	Probabilistic Learning Task 
	Perception Task 

	Procedure
	Data Analysis
	Perception Task 
	Probabilistic Learning Task 



	Results and Discussion
	Experiment 2 (Implicit)
	Methods
	Participants
	Tasks
	Probabilistic Learning Task 
	Perception Task 

	Procedure
	Data Analysis
	Perception Task 
	Probabilistic Learning Task 



	Results and Discussion
	General Discussion
	Acknowledgements 
	References




