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A B S T R A C T

Objective: A body of electroencephalographic (EEG) research demonstrates that executive functioning (EF) dif
ferences exist in autistic people. Here, we aimed to investigate how and to what extent these EF differences 
appear in people with high autistic traits in contrast to a low autistic traits comparison.
Methods: The present study used a series of EEG markers (frontal theta power, frontal beta power, the reward 
positivity ERP component, and the P300 ERP component) to examine potential differences in EF over the course 
of gambling and oddball tasks. Qualitative research measures to include the perspectives of the autistic people 
who took part in the study were also used.
Results: While frontal theta and beta power differed between groups, we observed no significant component or 
correlational differences. However, it was found that high autistic traits participants perceived their task per
formance as worse than low autistic traits participants despite task performance being equal across groups.
Conclusions: EF differences as measured by frontal theta and beta power were observed across groups. Self- 
perception of task performance may differ in high autistic traits participants when asked to complete tasks 
under a time constraint.

1. Introduction

It is well-established that certain executive functioning (EF) differ
ences exist in autistic people in the context of reinforcement learning 
and working memory (Agam et al., 2014; Hüpen et al., 2016; Van 
Noordt et al., 2017). These differences include but are not limited to 
differences in cognition, social communication, and the processing of 
sensory information. However, what is becoming increasingly apparent 
is the lack of consensus on how these features of autism might differ as 
measured by neural activity, and in what contexts. Additionally, there is 
a lack of input being sought from the autistic community pertaining to 
their lived experiences, which often leads to biased interpretations of 
certain study findings.

One approach to measuring cognition is through the examination of 
electroencephalography (EEG) oscillations (Newson & Thiagarajan, 
2019). This technique requires the decomposition of the EEG signal into 
five specific groups based on characteristic neural oscillations: delta 
(0.5–4 Hz), theta (4–7 Hz), alpha (7–13 Hz), beta (13–35 Hz), and 
gamma (>35 Hz) (Klimesch, 1999; Newson & Thiagarajan, 2019; Saby 

& Marshall, 2012; Wang et al., 2013). In waking EEG, greater theta 
power is linked with processing of emotional information (Aftanas et al., 
2001; Sammler et al., 2007) and with memory-related tasks such as 
encoding new episodic information (Gevins et al., 1997; Kahana et al., 
2001; Klimesch, 1996), as well as retrieval, working memory retention, 
novelty detection, and recognizing the necessity for top-down control 
(Jacobs et al., 2006). Of relevance to the present work, frontal theta 
power is observed during EF and specifically when cognitive control 
processes are engaged (Cavanagh & Frank, 2014; Huster et al., 2013).

Frontal theta oscillations in autistic individuals differ from those of 
neurotypical individuals (Coben et al., 2008; Daoust et al., 2004; Murias 
et al., 2007; Pop-Jordanova et al., 2010; Wang et al., 2013). One factor 
that may contribute to these differences is the development of the 
autistic brain compared to the neurotypical brain. Courchesne and col
leagues (2007) found that early brain overgrowth is a key feature of 
autism, resulting in an increased number of neurons in the prefrontal 
cortex (Courchesne et al., 2011). Researchers also found neural differ
ences in autistic brains using magnetic resonance imaging, with results 
indicating increased white matter in autistic people (Carper et al., 2002; 
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Courchesne et al., 2001). Further, connectivity differences among 
frontal cortex sub-regions in autistic people have been established 
(Koshino et al., 2008), which are thought to be related to differences in 
cognitive function.

Similarly, there are differences in beta EEG power in autistic in
dividuals. Beta spectral activity has been associated with the encoding 
and retrieval of memories (Hanslmayr et al., 2012; Ketz et al., 2015). In 
conjunction with alpha power, increases in beta power may depict 
interference in storing and retrieving a memory trace and a decrease in 
the ability to process information (Hanslmayr et al., 2012). Additionally, 
beta oscillatory patterns in cognitive stimulation tasks have been shown 
to differ between neurotypical and autistic people (Fauzan & Amran, 
2015; Hames et al., 2016). In neurotypical individuals, beta power de
creases during concentration and analytical thinking assignments 
(Hames et al., 2016). Conversely, autistic individuals often demonstrate 
an increase in beta power during EEG concentration tasks or periods of 
cognitive alertness (Murias et al., 2007; Fauzan & Amran, 2015; Pre
cenzano et al., 2020). Increases in beta power in autistic populations 
during cognitive stimulatory experiments may indicate hyper-focusing, 
prevalent anxiety, or task obsession (Fauzan & Amran, 2015).

Another method of studying cognition is through the employment of 
event-related potentials (ERPs). ERPs are time-locked EEG signals 
evoked by specific stimuli during a given task (Newman, 2019). For 
instance, an ERP component known as the reward positivity is charac
teristically elicited following response feedback, offering insight into the 
neural activity associated with reward processing (Holroyd & Coles, 
2002; Holroyd & Krigolson, 2007). Another ERP component, the P300, 
is characteristically elicited following stimulus onset and is believed to 
reflect the updating of working memory related to attentional processes 
(Polich, 2007). In this sense, ERPs are a viable invaluable tool for 
measuring underlying neural processes.

In the present work, we aimed to investigate how and to what extent 
these learning and working memory differences appear in a high autistic 
traits group in contrast to a low autistic traits comparison. We hypoth
esized that we would find higher frontal theta and beta activity in a high 
autistic traits group relative to a low autistic traits group as defined by 
the Autism Quotient (AQ) across both tasks. Additionally, we expected 
to find a smaller reward positivity in high autistic traits participants as 
elicited by a reward gambling task, and consequently a larger P300 as 
elicited by an oddball task. Furthermore, we expected that participants’ 
AQ scores would be positively correlated with frontal theta and beta 
activity, negatively correlated with reward positivity amplitudes, and 
positively correlated with P300 amplitudes. Furthermore, qualitative 
information on why participants chose particular task strategies to 
complete the tasks as coded by the research team yielded insights into 
the underlying processes of reinforcement learning and working mem
ory in high autistic traits participants from their own perspectives.

2. Methods

2.1. Participants

30 individuals (16 female, 10 male, 2 undeclared, 1 non-binary, 1 
trans-masc.) between the ages of 18 and 27 years old; mean age of 21.47 
years old [20.63, 22.31] across two participant groups (11 high autistic 
traits, 19 low autistic traits) from the University of Victoria and its 
surrounding community were recruited to participate in this study. 
Participants included individuals with formal diagnoses of autism and 
those who self-identified as autistic. Clinically diagnosed autistic par
ticipants provided the name of the qualified assessor who completed 
their diagnosis, along with the date they were diagnosed, to provide 
researchers with confirmation of a formal autism diagnosis. Participants 
could not have any self-reported co-occurring neurodevelopmental 
conditions to participate in this study. Final group placements were 
determined by participants’ scores on a well-standardized measure of 
autistic traits, the autism Quotient (AQ) (Lugo-Marín et al., 2019), such 

that not all participants in the high autistic traits group had formal di
agnoses of autism. However, all who self-identified as autistic or had a 
formal clinical diagnosis fell into the high trait group

Participants volunteered either by responding to poster advertise
ments posted around the University of Victoria campus or via word of 
mouth and were compensated monetarily depending on the experi
mental group they identified with; with self-identified neurotypical re
spondents receiving $10 and self-identified autistic respondents 
receiving $30. This was to incentivize autistic participants (self-identi
fied or formally diagnosed) to participate in the study, given the 
increased social, financial, or sensory barriers they might face (Malik- 
Soni et al., 2022). It was anticipated that self-identified neurotypical 
participants would fall into the low autistic traits group in this study, 
with self-identified autistic participants falling into the high autistic 
traits group. Before beginning the experiment, all participants provided 
informed consent. The study was approved by the University of Victo
ria’s Human Research Ethics Board (Ethics Protocol Number: 21-0643) 
in accordance with the Helsinki Declaration.

2.2. Materials

Following informed consent, a laboratory iPad was used to admin
ister subsequent study surveys, which included the AQ, a demographic 
survey (to determine factors such as age and gender), and an exit survey 
(see Appendix A). The AQ is a standardized self-report questionnaire 
that assesses symptoms of autism across social, communication and 
behavioural domains (Woodbury-Smith et al., 2005). It should be noted 
that the AQ has a screening cutoff of 26 based on the number of autistic 
traits reported by the participant, which would indicate that said 
participant had an increased likelihood of receiving a clinical autism 
diagnosis (Woodbury-Smith et al., 2005). A 19″ computer monitor 
running MATLAB was used to display and administer the study tasks 
(gambling and oddball). A 64-channel ActiCAP EEG system using a 
10–20 layout (ActiCAP, Brain Products GmbH, Munich, Germany) was 
used for data collection alongside the BrainVision Recorder software 
(Version 1.21, Brain Products GmbH, Munich, Germany) installed on a 
neighbouring recording computer.

2.3. Procedure

After securing informed consent, the AQ was administered to 
determine participants’ group placement. Participants scoring below the 
screening cut-off of 26 on the AQ were placed into the low autistic traits 
group, while participants scoring above 26 were placed in the high 
autistic traits group (Woodbury-Smith et al., 2005). AQ scores for par
ticipants in the low autistic traits group were between 2 and 24 (M =
14.32 [10.93, 18.07]), while AQ scores for participants in the high 
autistic traits group were between 27 and 47 (M = 33.36 [28.94, 
37.79]). Then, participants completed the demographic survey while 
they were fitted with an EEG cap.

Participants then completed the two experimental tasks on a stan
dard computer keyboard. Experimental tasks were written in MATLAB 
version R2016a using Psychophysics Toolbox extension version 3.0.12 
(Brainard, 1997). During performance of the oddball task, participants 
saw a series of blue (MATLAB RGB value = [0 0 255]) and green 
(MATLAB RGB value = [0 255 0]) coloured circles that appeared for 
800–1,200 ms in the center of a dark gray screen (MATLAB RGB value =
[108 108 108]). Prior to the onset of the first circle and in between the 
presentation of subsequent circles, a black fixation cross was presented 
for 300 to 500 ms (MATLAB RGB value = [0 0 0]). The blue circles 
appeared less frequently (oddball: 25 %) than the green circles (control: 
75 %), with the sequence order of presented circles being completely 
random. Participants were not informed that the frequency of the circles 
were different and were instructed to mentally count the number of blue 
circles (oddballs) within each block of trials. Participants completed 4 
blocks of 50 trials during performance of the oddball task.
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On each trial of the reward-learning (gambling) task, participants 
viewed a black fixation cross (MATLAB RGB value = [0 0 0]) for 500 ms 
that was followed by two coloured squares (green and blue with the 
above-mentioned MATLAB RGB values) for 500 ms followed by the 
fixation cross turning gray (go cue). Participants were asked on each 
trial to select one of the two squares (square locations—left, right—were 
randomized on each trial) once the fixation cross turned gray within a 
2000 ms time limit. They were then presented with a black fixation cross 
for 300 to 500 ms before simple feedback as to their performance 
(“WIN” for gain, “LOSE” for loss) was displayed for 1000 ms in black 
font. If the participants responded before the go cue, they were instead 
delivered “TOO FAST” feedback. If they did not respond before the 2000 
ms time limit, it would be considered a loss. Each square had a different 
probability of eliciting a “WIN,” following a 60 % vs. 10 % reward 
structure. In this task, participants accumulated WINs; however, they 
were not compensated monetarily based on their task performance. 
Participants would see the same pair of colours for one block of 20 trials, 
while the task as a whole consisted of 5 blocks of unique colour pairs.

All electrodes were referenced to electrode AFz during recording, 
and impedances were maintained below 20 kΩ at all times to ensure 
data quality. EEG data were recorded at a sampling rate of 500 Hz before 
being amplified (ActiChamp, Revision 2, Brain Products GmbH, Munich, 
Germany) and filtered through an antialiasing low-pass filter of 245 Hz.

Exit survey data relating to participants’ chosen task strategies and 
perceived task performance were collected following the completion of 
the computer task. Task strategy data was hand-coded by the lead 
researcher using a keyword approach, and patterns across individuals 
and groups were examined to determine any shared task strategies. 
Participants self-reported their perceived task performance on a 10- 
point scale. This data was analyzed to determine how participants in 
the high versus low autistic traits groups perceived their task perfor
mance. These results were then compared to participants actual task 
performance as measured by task accuracy.

All EEG data were first preprocessed using MATLAB (Version 9.6, 
Mathworks, Natick, USA) and the EEGLAB open-source toolbox 
(Delorme & Makeig, 2004) with custom software developed in the Kri
golson Laboratory, available here: https://github.com/neuro-tools. To 
begin, channels were visually inspected for consistently noisy data 
demonstrating high levels of impedance and removed accordingly (M =
1.73 channels, [0.96, 2.50]). Continuous EEG data were then re- 
referenced to mastoid channels (TP9, TP10), and a dual-pass Butter
worth filter with a band-pass of 0.5 Hz to 30 Hz and a 60 Hz notch filter 
was applied. To identify and remove ocular artifacts, an independent 
component analysis (ICA) was conducted on the filtered data to identify 
components associated with ocular artifacts such as blinks or excessive 
eye or musculature movements (Delorme & Makeig, 2004). The ICLabel 
EEGLAB plugin (Pion-Tonachini et al., 2019) was then used to identify 
ICA components consistent with eyeblinks and remove them. After 
removing these components, the EEG data were reconstructed from the 
remaining ICA components. All data were segmented by condition and 
feedback outcome (win or loss) into shorter epochs spanning from − 200 
ms to 600 ms post-stimulus onset. These epochs were then baseline- 
corrected using the 200 ms window pre-feedback onset. Epochs were 
next examined for artifacts and removed if they contained a gradient 
larger than 10 µV/ms or an absolute difference of more than 150 µV. The 
average artifact rejection rate across all participants was 23.20 %. 
Because of this, n = 1 participant was excluded from the present study 
due to their overall artifact rejection levels exceeding 40 %. This left us 
with a sample of n = 29 (11 high autistic traits, 18 low autistic traits) 
participants.

Following artifact rejection, Fast Fourier transforms for each trial 
were conducted on a segment of − 200 ms to 800 ms from stimulus onset, 
with a 500 ms Hanning taper at the beginning and end of the segment, 
and with normalization. Note that this method results in a resolution of 
0.67 Hz, thus making the lower frequencies less represented within these 
analyses than the higher frequencies. The output was then averaged for 

each condition and participant. Please note that all theta analyses were 
conducted at electrode site FCz, where the difference in frontal theta 
(3–7 Hz) between conditions was measured at its maximal in both the 
gambling and oddball tasks. Similarly, beta analyses were measured at 
electrode sites F4 and AF8, where the difference in frontal beta (13–35 
Hz) between conditions was measured at its maximal in the gambling 
and oddball tasks, respectively. Inferential statistics (t-test and Pearson’s 
correlation) were conducted for beta and theta power. A time frequency 
approach was not considered here due to its complexity. Group analyses 
were performed for all difference FFTs for consistency with ERP results 
in addition to conditional analyses.

ERP analyses were using the same pre-processing steps as described 
above. Following preprocessing, ERPs were created by averaging the 
epochs for each of the two experimental groups (high autistic traits, low 
autistic traits) based on the target cue of a given task; either the pre
sentation of oddball stimuli (oddball or control) or gambling outcome 
(WIN or LOSE). We examined components locked to feedback onset for 
the reward positivity and oddball onset for the P300. To reduce bias 
based on conditional effects, we used overall difference waveforms to 
identify our respective component timings and calculated their ampli
tudes based on the channels at which each component could be 
measured at its maximal. More specifically, the reward positivity was 
measured at its maximal at electrode, Cz (304 ms post-stimulus onset), 
and the P300 was measured at its maximal at electrode, Pz (356 ms post- 
stimulus onset). For the reward positivity, we created difference wave
forms by subtracting the average LOSE waveform for a condition from 
the average WIN waveform for each participant. Then, for the P300, we 
created difference waveforms by subtracting the average control 
waveform for a condition from the average oddball waveform for each 
participant. The reward positivity was quantified for each participant 
and condition as the mean amplitude ± 25 ms of the grand average peak 
(308 ms) on the reward difference waveforms, while the P300 was 
quantified for each participant and condition as the mean amplitude ±
30 ms of the grand average peak (376 ms) on the oddball difference 
waveforms. Finally, grand average condition and difference ERPs were 
generated by averaging the respective individual ERP waveforms.

Welch’s two-sample t-tests were conducted to examine the potential 
group differences (high autistic traits vs low autistic traits) for frontal 
theta and beta during both the gambling and oddball tasks. Additionally, 
Pearson’s r correlations were conducted between participants’ scores on 
the AQ and theta power in each task to establish whether a higher degree 
of autistic traits as measured by the AQ might hold some relation to theta 
power. Pearson’s r correlations were repeated for beta power using AQ 
scores and beta power in each task. For our ERP analyses, a test of ex
istence was conducted on each of our components (namely the P300 and 
reward positivity) using a one-sample t-test. Then, after confirming the 
existence of our components of interest, Welch’s two-sample t-tests were 
conducted to examine the potential group differences (high autistic 
traits vs low autistic traits) for each component. Finally, Pearson’s r 
correlations were conducted between participants’ scores on the AQ and 
component amplitudes to establish whether or not a higher degree of 
autistic traits as measured by the AQ might hold some relation to these 
components.

Behavioural data measuring participants’ task performance were 
analyzed using custom code written in MATLAB to provide further 
context for the qualitative data collected in the exit survey described 
above. This code was used to compute the mean reaction time and win 
rate for each participant. Welch’s two-sample t-tests were then con
ducted in R to further examine the potential group differences in mean 
reaction time and/or win rate (used here to account for task perfor
mance) between our high and low-autistic traits groups.

3. Results

Welch’s two-sample t-tests were performed to determine whether 
significant group differences between the high and low autistic groups 
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could be established as measured by frontal theta frequency during both 
the gambling and oddball tasks (shown in Table 1). Frontal theta was 
similar between groups in the gambling task, t(27) = 1.038, p = 0.309, d 
= 0.397 (Fig. 3). The 2 (feedback condition; Win, Loss) x 2 (group, high 
AT, low AT) ANOVA on theta power revealed no interaction effect, F(54, 
1) = 0.145, p = 0.705, η2 = 0.002, an effect of group, F(54, 1) = 6.754, p 
= 0.012, η2 = 0.105, but no effect of condition, F(54, 1) = 3.581, p =
0.064, η2 = 0.056. Additionally, frontal theta was similar between 
groups in the oddball task, t(27) = -0.071, p = 0.944, d = -0.027. The 2 
(oddball condition; Oddball, Control) x 2 (group, high AT, low AT) 
ANOVA on theta power revealed no interaction effect, F(54, 1) = 0.056, 
p = 0.814, η2 = 0.000, an effect of group, F(54, 1) = 4.895, p = 0.031, η2 
= 0.074, and an effect of condition, F(54, 1) = 6.534, p = 0.013, η2 =

0.099. Pearson’s correlation tests between participants’ AQ scores and 
frontal theta were not statistically significant.

Welch’s two-sample t-tests were performed to determine whether 
significant group differences between the high and low autistic groups 
could be established as measured by frontal beta frequency during both 
the gambling and oddball tasks (shown in Table 2). Frontal beta was 
similar between groups in the gambling task, t(27) = 0.400, p = 0.692, d 
= 0.153 (Fig. 4). The 2 (feedback condition; Win, Loss) x 2 (group, high 
AT, low AT) ANOVA on Beta power revealed no interaction effect, F(54, 
1) = 0.471, p = 0.495, η2 = 0.008, no effect of group, F(54, 1) = 0.002, p 
= 0.966, η2 = 0.00, and no effect of condition, F(54, 1) = 0.793, p =
0.377, η2 = 0.014. Additionally, frontal beta was similar between groups 
in the oddball task, t(27) = 0.830, p = 0.830, d = 0.318. The 2 (oddball 
condition; Oddball, Control) x 2 (group, high AT, low AT) ANOVA on 
beta power revealed no interaction effect, F(54, 1) = 0.024, p = 0.878, 
η2 = 0.000, no effect of group, F(54, 1) = 1.145, p = 0.289, η2 = 0.021, 
and no effect of condition, F(54, 1) = 0.045, p = 0.833, η2 = 0.000. 
Pearson’s correlation tests between participants’ AQ scores and frontal 
beta were not statistically significant.

One-way t-tests were performed to confirm the existence of both the 
reward positivity (t(28) = 8.02, p < 0.001, d = 0.327; Fig. 5) and P300 (t 
(28) = 11.16, p < 0.001, d = 0.327; Fig. 6). Following these tests of 
existence, Welch’s two-sample t-tests were performed to determine 
whether significant group differences between the high autistic traits 
and low autistic traits groups could be established as measured by the 
amplitudes of both the reward positivity and P300 (shown in Table 3). 
For the reward positivity, no significant difference was found, t(27) =
0.665, p = 0.512, d = 0.254; Fig. 7). The 2 (feedback condition; Win, 
Loss) x 2 (group, high AT, low AT) ANOVA on reward positivity 
amplitude revealed no interaction effect, F(54, 1) = 1.513, p = 0.772, η2 
= 0.001, nor an effect of group, F(54, 1) = 2.083, p = 0.155, η2 = 0.031, 
but an effect of condition, F(54, 1) = 10.945, p = 0.002, η2 = 0.160. For 
the P300, no significant difference was found, t(27) = 1.336, p = 0.193, 
d = 0.511; Fig. 8). No significant correlations were found between 
participants’ scores on the AQ and reward positivity or feedback P300 
amplitudes. The 2 (oddball condition; Oddball, Control) x 2 (group, high 
AT, low AT) ANOVA on P300 amplitude revealed no interaction effect, F 
(54, 1) = 0.052, p = 0.820, η2 = 0.000, nor an effect of group, F(54, 1) =
0.295, p = 0.589, η2 = 0.003, but an effect of condition, F(54, 1) =
45.749, p < 0.001, η2 = 0.448.

Behavioural data derived from the tasks’ event markers (shown in 
Table 4) indicated that those in the high autistic traits group performed 

no differently than the low autistic traits group regarding mean reaction 
time (t(20.73) = 0.82, p = 0.42) and task performance as measured by 
task accuracy (t(17.71) = 0.27, p = 0.79). Exit survey data collected 
from participants indicated that those belonging to the high autistic 
traits group perceived their performance on the reward gambling task to 
be lower (M = 4.36) than those in the low autistic traits group (M =
6.00) on a 10-point scale, t(15.19) = 2.154, p = 0.047 even though there 
was no actual difference in performance.

Task strategies derived from qualitative survey data between groups 
as hand coded by the research team using a key word approach did not 
appear to differ upon inspection, with participants in the high autistic 
traits group reporting task strategies coded by probability (n = 8), colour 
preference (n = 2), and guessing (n = 1). Participants in the low autistic 
traits group, however, reported tasks strategies coded by probability (n 
= 16), colour preference (n = 1), guessing (n = 1), and no response (n =
1). Note that in this case probability refers to how likely participants 
believed a given square would elicit a “WIN” given the probability 
values they were presented with at the beginning of the task.

4. Discussion

The current study aimed to investigate how and to what extent EF 
differences as captured by learning and working memory measures may 
appear in a high autistic trait population in contrast to a low autistic 
traits comparison. More specifically, we hypothesized that we would 
find enhanced frontal theta and beta activity, a smaller reward posi
tivity, and a larger P300 in those with high autistic traits. Furthermore, 
we expected that participants’ AQ scores (i.e., self-reported autistic 
traits) would be positively correlated with frontal theta activity, nega
tively correlated with reward positivity amplitudes, and positively 
correlated with P300 amplitudes.

Though all t-test results in this study were null, conditional theta 
results in the oddball task suggest a group difference in processing 
oddballs and controls, but not in the difference between them. This may 
be indicative of an overall difference in attentional processing between 
high and low autistic groups. Furthermore, no significant correlations 
were found between participants’ AQ scores and frontal theta activity, 
frontal beta activity, reward positivity amplitudes, or P300 amplitudes. 
As the AQ is a measure of self-reported behavioural traits, a higher score 
does not necessarily indicate that an individual has higher or lower 
support needs as described by the different diagnostic levels noted in the 
Diagnostic and Statistical Manual of Mental Disorders. For instance, vari
ation in AQ scores based on these self-reported behavioural traits are 
found within neurotypical populations as well, with males typically 
scoring higher than females, and students studying ‘hard’ sciences (i.e., 
physics, engineering) typically scoring higher than non-science and 
biological science students (Austin, 2005).

Lastly, in examining the qualitative survey data obtained from par
ticipants during the exit survey, it was found that while no apparent 
differences in actual reward gambling task strategy were found between 
groups, there was a significant difference in participants’ perceived task 
performance. While both groups described task strategies that aligned 
with the well-established explore/exploit dilemma suggesting the exis
tence of a universal task strategy (Hassall et al., 2019), high autistic 
traits participants perceived their task performance to be markedly 
worse than their low autistic traits counterparts.

We believe that the reason we found a lack of significant ERP dif
ferences between groups in the present work is because no differences 
between high and low autistic traits populations exist in the context of 
reinforcement learning and working memory as measured by the reward 
positivity and P300 when a time constraint is present. It has been well- 
documented that autistic people are more likely to engage in slow, 
deliberate thinking in contrast to their neurotypical counterparts who 
may engage in faster decision-making (Vella et al., 2018; Haigh et al., 
2018), which is an important factor to consider during task design. To 
elaborate, task designs that force autistic people to engage in a faster 

Table 1 
Correlation matrix of Autism Quotient scores and frontal theta.

AQ 
Scores

Gambling frontal 
theta

Oddball frontal 
theta

AQ scores 1.000 0.255 0.244
Gambling frontal 

theta
0.255 1.000 ​

Oddball frontal theta 0.244 ​ 1.00

Note. p < 0.05*.
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decision-making style due either to task instruction or time limits set 
within tasks (in this case a 2000 ms response window) may impact how 
autistic people perform and thus have an impact on their ERP compo
nents. More specifically, studies that allow larger response windows 
during similar reinforcement learning tasks may allow autistic partici
pants to demonstrate their previously described superior task perfor
mance (Vella et al., 2018), while studies with shorter response windows 
may not.

This proposed account for the lack of ERP differences observed in the 
present work is supported by the Dual Process Theory of autism, which 
asserts that while autistic people may take longer to reach a decision on 
a reinforcement learning task, they may outperform their neurotypical 
counterparts (Vella et al., 2018). While high autistic traits participants 
performed the tasks employed in the present study as well as their low 
autistic traits peers, certain time accommodations might need to be 

Fig. 1. Visual depiction of oddball task.

Fig. 2. Visual depiction of reward gambling task.

Fig. 3. Theta power for high (Hight AT) and low (Low AT) autistic trait groups 
in the a) gambling and b) oddball tasks and respective topo plots. Error bars 
represent 95% Confidence Intervals.

Table 2 
Correlation matrix of Autism Quotient scores and frontal beta.

AQ Scores Gambling frontal 
beta

Oddball frontal 
beta

AQ scores 1.00 0.305 0.381
Gambling frontal 

beta
0.305 1.00 ​

Oddball frontal beta 0.381 ​ 1.00

Note. p < 0.05*.
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made so that we can see these participants perform optimally. This is 
opposed to having participants perform under a confounding stress 
condition with increased task demand not experienced by their neuro
typical or low autistic traits counterparts.

This idea is further supported by participants’ behavioural data. 
While there were no differences in participants’ mean reaction times or 
task performance, high autistic traits participants perceived their task 
performance to be worse than those in the low autistic traits group. This 
could be attributed to the increased processing time needed by high 
autistic traits participants (Vella et al., 2018; Haigh et al., 2018). Despite 

feedback being given to participants at the end of each trial (indicating 
whether their choice had resulted in a “WIN” or “LOSE”), the fact that 
high autistic traits participants may not have been given adequate time 
to feel sure of their decisions or weigh them to their satisfaction could 
have had an impact on their perceived task performance.

5. Conclusions

To summarize, we found a statistical difference in conditional frontal 
theta activity for the oddball task between high and low autistic traits 
groups. However, there were no significant differences in frontal beta 
activity, nor any correlations between participants’ AQ scores and 
frontal theta or frontal beta activity. Furthermore, we found no marked 
differences in reward positivity or P300 amplitudes between our high 
and low autistic traits groups, nor any correlations between participants’ 
AQ scores and either component’s amplitude. No differences in partic
ipants’ mean reaction time, task performance, or reward gambling task 
strategy by group were found. However, participants in the high autistic 
traits group perceived their task performance to be worse than those in 
the low autistic traits group.

Fig. 4. Beta power for high (Hight AT) and low (Low AT) autistic trait groups 
in the a) gambling and b) oddball tasks and respective topo plots. Error bars 
represent 95% Confidence Intervals.

Fig. 5. Conditional waveforms for high and low autistic traits groups in reward gambling task.

Fig. 6. Conditional waveforms for high and low autistic traits groups in oddball task.

Table 3 
Correlation matrix of Autism Quotient scores and ERP component amplitudes.

AQ Scores Feedback P300 RewP

AQ Scores  

Feedback P300

​
1.000  

0.001

0.001  

1.000

− 0.039  

RewP 
​

− 0.039 
​

1.00

Note. p < 0.05*.
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5.1. Limitations

As with others aiming to investigate a clinical or sub-clinical popu
lation, we were limited in sample size due to our specific eligibility 
criteria. Additionally, many of the high autistic traits participants in this 
study had not received a clinical autism diagnosis. However, having 
participants use a self-report measure was done deliberately so as not to 
exclude those adults who have not been afforded the privilege of 
receiving a clinical diagnosis. We were also limited by our task design in 
the present work. These tasks would be worth adapting for future studies 
to allow autistic or high autistic traits participants to perform optimally 
without the confound of increased task demand. Finally, our in
terpretations of what frontal theta and beta oscillations represented 
within each task were limited as we examined theta and beta oscillations 
throughout the time course of each task. Though this tells us important 
information about overall neural activation, it provides no insight into 
neural oscillations associated with specific stimuli during a task.

5.2. Implications for future research

The findings of this study highlight the potential of including sub- 
clinical, self-diagnosed autistic participants in future research. More 
specifically, a comparison between clinically diagnosed autistic 

participants and high autistic traits participants on a larger scale could 
yield further insights into the validity of self-diagnosis in addition to 
potential frequency band differences that may exist across groups not 
identified in the present work. Additionally, this study calls attention to 
the need to use standardized tasks that better accommodate autistic 
people when conducting research of this style, with particular consid
eration being given to the additional processing time needed by autistic 
participants (Vella et al., 2018; Haigh et al., 2018). We hope that this 
work will draw attention to the need to take the perspectives of the 
autistic community into account, and that the autistic community will 
see themselves represented in this text and know their voices are an 
invaluable contribution to the work that we do.
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Fig. 7. Topographic map showing theta band activity in the oddball task for low AT participants.

Fig. 8. A) Difference waveforms for the oddball task (Fz), and B) the resulting topo plots and P300 amplitudes.

Table 4 
Mean behavioural data by group.

RT (ms) Wins Losses Win Rate

High autistic traits
​

344.103 44.546 51.727 0.462

Low autistic traits 
​

369.947 45.778 51.444 0.470
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Appendix A 

Exit Survey Questions

Data availability
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been used.
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la Fuente-Portero, J. A., & Canal-Bedia, R. (2019). Spanish validation of the Autism 
Quotient short form questionnaire for adults with Autism Spectrum Disorder. Journal 

of Autism & Developmental Disorders, 49(11), 4375–4389. https://doi-org.ezproxy.lib 
rary.uvic.ca/10.1007/s10803-019-04127-5.

Malik-Soni, N., Shaker, A., Luck, H., Mullin, A. E., Wiley, R. E., Lewis, M. E. S., … 
Frazier, T. W. (2022). Tackling healthcare access barriers for individuals with autism 
from diagnosis to adulthood. Pediatric Research, 91. https://doi.org/10.1038/ 
s41390-021-01465-y

Murias, M., Webb, S. J., Greenson, J., & Dawson, G. (2007). Resting state cortical 
connectivity reflected in eeg coherence in individuals with autism. Biological 
Psychiatry, 62(3), 270–273. https://doi.org/10.1016/J.BIOPSYCH.2006.11.012

Newman, A. (2019). Research methods for cognitive neuroscience. Sage.Nicholas, J., 
Huckvale, K., Larsen, M. E., Basu, A., Batterham, P. J., Shaw, F., & Sendi, S. (2017). 
Issues for eHealth in psychiatry: results of an expert survey. Journal of Medical 
Internet Research, 19(2). doi: 10.2196/jmir.6957.

Newson, J. J., & Thiagarajan, T. C. (2019). EEG frequency bands in psychiatric disorders: 
A review of resting state studies. Frontiers in Human Neuroscience, 12, 521. https:// 
doi.org/10.3389/fnhum.2018.00521

Pop-Jordanova, N., Zorcec, T., Demerdzieva, A. & Gucev, Z. (2010). QEEG characteristics 
and spectrum weighted frequency for children diagnosed as autistic spectrum 
disorder. Nonlinear Biomedical Physics 2010 4:1, 4(1), 1–7. doi: 10.1186/1753-463 
1-4-4.

Precenzano, F., Parisi, L., Lanzara, V., Vetri, L., Operto, F. F., Pastorino, G. M., … 
Marotta, R. (2020). Electroencephalographic abnormalities in autism spectrum 
disorder: Characteristics and therapeutic implications. Medicina, 56(9), 419. https:// 
doi.org/10.3390/medicina56090419

Saby, J. N., & Marshall, P. J. (2012). The utility of EEG band power analysis in the study 
of infancy and early childhood. Developmental Neuropsychology, 37(3), 253–273. 
https://doi.org/10.1080/87565641.2011.614663

Sammler, D., Grigutsch, M., Fritz, T., & Koelsch, S. (2007). Music and emotion: 
Electrophysiological correlates of the processing of pleasant and unpleasant music. 
Psychophysiology, 44(2), 293–304. https://doi.org/10.1111/j.1469- 
8986.2007.00497.x

Van Noordt, S., Wu, J., Venkataraman, A., Larson, M. J., South, M., & Crowley, M. J. 
(2017). Inter-Trial Coherence of Medial Frontal Theta Oscillations Linked to 
Differential Feedback Processing in Youth and Young Adults with Autism. Research 
in Autism Spectrum Disorders, 37, 1–10. https://doi.org/10.1016/j.rasd.2017.01.011

Vella, L., Ring, H. A., Aitken, M. R. F., Watson, P. C., Presland, A., & Clare, I. C. H. (2018). 
Understanding self-reported difficulties in decision-making by people with autism 
spectrum disorders. Autism: The International Journal of Research & Practice, 22(5), 
549–559. https://doi-org.ezproxy.library.uvic.ca/10.1177/1362361316687988.

Wang, J., Barstein, J., Ethridge, L. E., Mosconi, M. W., Takarae, Y., & Sweeney, J. A. 
(2013). Resting state EEG abnormalities in autism spectrum disorders. Journal of 
Neurodevelopmental Disorders, 5(1), 1–14. https://doi.org/10.1186/1866-1955-5-24/ 
FIGURES/1

Woodbury-Smith, M. R., Robinson, J., Wheelwright, S., & Baron-Cohen, S. (2005). 
Screening adults for asperger syndrome using the AQ: A preliminary study of its 
diagnostic validity in clinical practice. Journal of Autism & Developmental Disorders, 
35(3), 331–335. https://doi-org.ezproxy.library.uvic.ca/10.1007/s10803-005-3300 
-7.

E.M. Parsons et al.                                                                                                                                                                                                                             Brain and Cognition 184 (2025) 106271 

9 

https://doi.org/10.1007/s10803-018-3515-z
https://doi.org/10.3389/fnhum.2016.00167
https://doi.org/10.3389/fnhum.2012.00074
https://doi.org/10.3758/s13415-019-00730-2
https://doi.org/10.1037/0033-295x.109.4.679
https://doi.org/10.1111/j.1469-8986.2007.00561.x
https://doi.org/10.1111/j.1469-8986.2007.00561.x
https://doi.org/10.1016/j.ijpsycho.2016.03.006
https://doi.org/10.1016/J.IJPSYCHO.2012.08.001
https://doi.org/10.1016/j.neuroimage.2006.02.018
https://doi.org/10.1016/S0959-4388(01)00278-1
https://doi.org/10.1016/j.tins.2014.09.007
https://doi.org/10.1016/S0167-8760(96)00057-8
https://doi.org/10.1016/S0167-8760(96)00057-8
https://doi.org/10.1016/S0165-0173(98)00056-3
https://doi.org/10.1093/cercor/bhm054
https://doi.org/10.1093/cercor/bhm054
https://doi-org.ezproxy.library.uvic.ca/10.1007/s10803-019-04127-5
https://doi-org.ezproxy.library.uvic.ca/10.1007/s10803-019-04127-5
https://doi.org/10.1038/s41390-021-01465-y
https://doi.org/10.1038/s41390-021-01465-y
https://doi.org/10.1016/J.BIOPSYCH.2006.11.012
https://doi.org/10.3389/fnhum.2018.00521
https://doi.org/10.3389/fnhum.2018.00521
http://0.1186/1753-4631-4-4
http://0.1186/1753-4631-4-4
https://doi.org/10.3390/medicina56090419
https://doi.org/10.3390/medicina56090419
https://doi.org/10.1080/87565641.2011.614663
https://doi.org/10.1111/j.1469-8986.2007.00497.x
https://doi.org/10.1111/j.1469-8986.2007.00497.x
https://doi.org/10.1016/j.rasd.2017.01.011
https://doi-org.ezproxy.library.uvic.ca/10.1177/1362361316687988
https://doi.org/10.1186/1866-1955-5-24/FIGURES/1
https://doi.org/10.1186/1866-1955-5-24/FIGURES/1
https://doi-org.ezproxy.library.uvic.ca/10.1007/s10803-005-3300-7
https://doi-org.ezproxy.library.uvic.ca/10.1007/s10803-005-3300-7

	Analyzing the effects of high autistic traits on neural markers of learning and memory.pdf
	parsons_brainCogn_2025.pdf
	Analyzing the effects of high autistic traits on neural markers of learning and memory: An EEG approach analysis
	1 Introduction
	2 Methods
	2.1 Participants
	2.2 Materials
	2.3 Procedure

	3 Results
	4 Discussion
	5 Conclusions
	5.1 Limitations
	5.2 Implications for future research

	CRediT authorship contribution statement
	Declaration of Competing Interest
	Acknowledgments
	Appendix A Acknowledgments
	Data availability
	References



