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J Neurophysiol 114: 000 – 000, 2015. First published August 26, 2015;
doi:10.1152/jn.00543.2015.—Predictive coding has been proposed as
a framework to understand neural processes in neuropsychiatric disorders. We used this approach to describe mechanisms responsible for
attentional abnormalities in autism spectrum disorder (ASD) and
attention deficit hyperactivity disorder (ADHD). We monitored brain
dynamics of 59 children (8 –15 yr old) who had ASD or ADHD or
who were control participants via high-density electroencephalography. We performed analysis at the scalp and source-space levels while
participants listened to standard and deviant tone sequences. Through
task instructions, we manipulated top-down expectation by presenting
expected and unexpected deviant sequences. Children with ASD
showed reduced superior frontal cortex (FC) responses to unexpected
events but increased dorsolateral prefrontal cortex (PFC) activation to
expected events. In contrast, children with ADHD exhibited reduced
cortical responses in superior FC to expected events but strong PFC
activation to unexpected events. Moreover, neural abnormalities were
associated with specific control mechanisms, namely, inhibitory control in ASD and set-shifting in ADHD. Based on the predictive coding
account, top-down expectation abnormalities could be attributed to a
disproportionate reliance (precision) allocated to prior beliefs in ASD
and to sensory input in ADHD.
ADHD; ASD; predictive coding; MMN; P300
PREDICTIVE CODING HAS EMERGED as a framework to disentangle
the neural processes underlying cognitive impairments in neuropsychiatric disorders (Fogelson et al. 2014; Friston 2012;
Limongi et al. 2014). Although expectation biases favor anticipated task-relevant stimuli in neurotypical subjects (Chennu et
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al. 2013), this process could be affected in individuals with
top-down processing abnormalities, such as autism spectrum
disorders (ASD) or attention deficit hyperactivity disorder
(ADHD). In this study, we assessed the influences of top-down
expectation alongside bottom-up stimuli predictability in ASD
and ADHD children by using high-density electroencephalography (hdEEG) markers of predictive coding as measured with
an event-related potential (ERP) paradigm.
According to the predictive coding framework (Friston
2009), bottom-up prediction errors flowing upward allow adaptive inferences about sensory signals, in turn producing topdown predictions that propagate downward (Chennu et al.
2013). Recently, Pellicano and Burr (2012) and Lawson et al.
(2014) proposed that ASD individuals generate impaired topdown predictions, resulting in failures to contextualize sensory
information. Alternatively, Van de Cruys et al. (2014) have
suggested that these individuals fail in the flexible adjustment
of precision. Thus, in unambiguous or structured contexts, they
generate overfitted predictions that cannot be generalized in
unexpected or unpredictable contexts. Therefore, ASD subjects
would exhibit normal or even enhanced neural responses to
expected stimuli, but they would have difficulties with unexpected events. Furthermore, abnormal prefrontal cortex (PFC)
activation associated with executive dysfunction (Dichter et al.
2009) could be related to these aberrant top-down expectations.
Although two recent studies (Robic et al. 2014; Skewes et al.
2015) have indirectly supported the predictive coding model in
ASD at the behavioral level, no evidence has been tested at the
neural level.
In ADHD, although no empirical or theoretical arguments
based on predictive coding have been stated, deficits in topdown expectation could explain the observed symptoms of
inattention and distractibility. Specifically, difficulties in generating predictions would increase reliance on novel sensory
evidence. Accordingly, ADHD individuals (and contrary to
ASD subjects) exhibit higher or even exaggerated neural re-
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sponses to novel/unexpected stimuli (Gumenyuk et al. 2005)
and lower responses to expected cues (Marzinzik et al. 2012).
Additionally, abnormal PFC activation and executive dysfunction (Hart et al. 2013) could be related to difficulties in
top-down expectation. However, these predictions have not yet
been tested.
In the current study, we unified these ideas to explore the
neural underpinnings of top-down expectation in ASD and
ADHD children. We used a modified auditory task previously
used to test the predictive coding model (Bekinschtein et al.
2009; Chennu et al. 2013). This task included simple tones that
were contextually grouped into sequences to create and then
deviate from stimulus patterns. Participants were instructed to
attend to stimuli deviating on frequency (expected) while
stimuli deviating on laterality (unexpected) were also presented. We first investigated the ERP markers of predictive
coding: bottom-up prediction error indexed by the mismatch
negativity (MMN), followed by top-down expectation responsible for the P300 (Chennu et al. 2013). On the basis of task
manipulation, we predicted that group differences would manifest in P300 responses (Bekinschtein et al. 2009; Chennu et al.
2013). Children with ASD would show reduced P300 responses to unexpected deviants but enhanced responses to
expected stimuli. In contrast, children with ADHD would
exhibit reduced P300s to expected deviants and stronger responses to unexpected deviants. Second, to explore the frontal
mechanisms underlying this pattern of disassociation, we reconstructed cortical sources of P300s. Finally, we investigated
the control mechanisms associated with group differences in
top-down processing by exploring the associations between
P300 markers and performance in executive function (EF)
tasks. We expected that individual variability in these neural
markers would be associated with abnormal EF.
MATERIALS AND METHODS

Participants
Fifty-nine participants were assessed, comprising 24 children diagnosed with ASD, 16 children with ADHD, and 19 typically developing participants. Individuals in the ASD and ADHD groups were

selected from a 50-outpatient population of the Institute of Cognitive
Neurology (INECO) and their related institutions using the following
inclusion criteria: 1) age range between 8 and 15 yr, similar to that
used in previous studies (Brumback et al. 2012; Gumenyuk et al.
2004) and 2) ADHD or ASD diagnosis according to the Diagnostic
and Statistical Manual of Mental Disorders, fifth edition (DSM-5;
American Psychiatric Association 2013). Children in both ASD and
ADHD groups were evaluated during admission interviews to the
specialized clinic of developmental disorders, where they underwent
a detailed examination that included neuropsychiatric assessment,
neurological examination, and neuropsychological evaluation. To
measure ASD symptoms, we used the Developmental, Diagnostic and
Dimensional Interview (3Di; Santosh et al. 2009). This diagnostic
instrument is similar to the Autism Diagnostic Interview (ADI-R;
Lord et al. 1994), with which it correlates strongly (Skuse et al. 2004),
and emulates its algorithms for measures of social communication
impairments as well as restricted and repetitive behaviors (Mandy et
al. 2012). To quantify ADHD symptom presentations, we used the
Conners’ Parent Rating Scale Revised: Short form (CPRS-R:S; Conners 1997), which assesses both inattentive and hyperactive-impulsive
symptoms (see Table 1). Most ADHD subjects (11/16) were currently
taking methylphenidate, and some ASD subjects were taking risperidone (5/24). To control the potential effects of these medications on
ERP responses (Iwanami et al. 2001; Nieman et al. 2002; PaulJordanov et al. 2010; Sawada et al. 2010), these individuals stopped
their medication 48 h before testing. Regarding long-term effects of
these medications, given that they either improve or have no effects on
ERP modulations (Adler et al. 2004; Iwanami et al. 2001; PaulJordanov et al. 2010; Seifert et al. 2003), any abnormal ERP responses
would not be explained by the medication.
Twenty-two control participants were recruited from neighboring
schools. Exclusion criteria for this group were the following: 1) age
outside the range of 8 –15 yr and (2) history of intellectual disability,
neurological, or psychiatric diseases. By using group-wise matching
criteria, 19 of these participants were selected to form a control group,
matched for age [F(2, 55) ⫽ 2.35, P ⫽ 0.104], sex [2(2, n ⫽ 58) ⫽
4.22, P ⫽ 0.121], and fluid intelligence [Raven’s progressive matrices
test (Raven et al. 2008); F(2, 55) ⫽ 0.22, P ⫽ 0.970] to both the ASD
and ADHD groups (see Table 1).
Parental informed consent was obtained in accordance with the
Declaration of Helsinki. The study was approved by the ethics
committee of INECO.

Table 1. Means (SD) and group differences in demographics, diagnosis symptoms, and executive functions

n
Matching measures
Age
Sex, males:females
Fluid intelligence
ASD symptoms (3di)
Social communication deficits (cut-off: 10)
Restricted and repetitive behaviors (cut-off: 3)
ADHD symptoms (CPRS-R:S)
Inattention (cut-off: 9)
Hyperactivity (cut-off: 7)
ADHD index (cut-off: 20)
Executive functions
Working memory
Inhibitory control
Set-shifting

ASD

ADHD

Control

24

15

19

10.38 (1.97)
23:1
39.63 (9.83)

11.73 (2.43)
11:4
39.70 (8.93)

11.63 (2.43)
15:4
40.16 (8.20)

13.23 (4.18)
6.09 (2.57)

3.46 (3.82)
1.32 (2.82)

0.000
0.000

9.09 (4.46)
5.50 (3.53)
17.88 (6.87)

11.10 (4.43)
9 (5.85)
23 (7.91)

0.067
0.274
0.093

12.91 (2.43)
5.97 (6.41)
61.33 (29.40)

14.93 (4.20)
4.47 (3.38)
47.20 (24.68)

15.37 (2.75)
4.84 (3.30)
45.63 (23.63)

P Values*

0.104
0.121
0.970

0.026
0.601
0.101

Values are means (SD); n ⫽ no. of participants. *P values are from ANOVA test for age, fluid intelligence, and executive functions; 2 for sex; and 2-tailed
Student’s test for autism spectrum disorder (ASD) and attention deficit hyperactivity disorder (ADHD) symptoms. 3di, Developmental, Diagnostic and
Dimensional Interview; CPRS-R:S, Conner’s Parent Rating Scale Revised: Short form.
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EF Tasks
Participants completed a brief EF assessment of classical tasks that
included 1) digit span subtests from the Wechsler Intelligence Scale
for Children, fourth edition (WISC IV; Wechsler 2003) to assess
working memory. This test consisted of two parts: first, children were
required to repeat numbers verbatim as they were stated by the
examiner; second, the numbers were repeated in reverse order. The
score was calculated from the sum of both parts (maximum 32 points).
2) The children’s version of the Hayling test was performed to
evaluate inhibitory control (Shallice et al. 2002). Participants had to
complete sentences with a word that made coherent sense (first part)
and later with words that did not fit in the context of the sentence
(second part). We measured the number of errors committed in the
second part; therefore, higher scores represented worse performance.
3) The Trail Making Test (TMT) was performed to assess set-shifting
(Spreen and Gaddes 1969). In this task children were instructed to
draw lines connecting numbers in ascending order (TMT-A) and later
to alternate between numbers and letters (TMT-B). The performance
was calculated by the subtraction of time required in TMT-B minus
TMT-A; therefore, longer times represented worse performance. Table 1 shows the mean, SD, and statistical comparisons of these tasks
for all groups.
Experimental Task

F1
AQ: 4

We adapted a well-established ERP paradigm (Bekinschtein et al.
2009; Chennu et al. 2013) to design an auditory task suitable for
children (e.g., abridged version) and focused on expectancy manipulation. Auditory stimuli were presented via earphones using Psychtoolbox (version 3) running in MATLAB on a desktop computer.
Stimuli consisted of sequences of five complex 50-ms-duration
sounds spaced 150 ms apart. Each complex sound was composed of
three sinusoidal tones, either type A (500, 1,000, and 2,000 Hz) or
type B (350, 700, and 1,400 Hz), identical to those used previously
(Bekinschtein et al. 2009; Chennu et al. 2013).
Three sequences of complex sounds were included (see Fig. 1): 1)
standard sequences that contained five identical tones (AAAAA or
BBBBB) presented monaurally to either the right or left ear; 2)
expected deviant sequences (monaural) that included four identical
sounds and a tone of the other type (AAAAB or BBBBA; these 5
tones were also presented monaurally to either the right or left ear);
and 3) unexpected deviant sequences (interaural) in which all tones
were identical, but the first four were presented in one ear and the fifth
tone in the opposite ear (AAAAA or BBBBB). The task included two
blocks of stimuli. In each block, 71.5% of the sequences were
standard, 14.25% were expected deviants, and the remaining 14.25%
were unexpected deviants. In block 1, the standard and unexpected

3

deviant condition consisted of type A tones and expected deviant
sequences comprised type B tones. The standard and deviant sequences were presented in the left ear, and the unexpected deviants
were presented in the right ear. In block 2, type B sounds were used
for standard and unexpected deviant sequences, whereas type A tones
were used for expected deviant stimuli. In the second block, the
standard and expected deviant stimuli were presented in the right ear,
whereas unexpected deviants were presented in the left ear.
The task included ⬃220 trials (sequences), equally divided into the
two blocks. The interval between consecutive sequences was randomly sampled from a uniform distribution between 700 and 1,000
ms. Each block began with a habituation phase consisting of a 3-s
pause followed by 12 presentations of the standard sequence that
would occur throughout the rest of the block. This phase was followed
by the test phase, consisting of a pseudorandomly ordered mix of the
three conditions in which both deviant conditions were interspersed
among the standard condition. The duration of each sequence was
⬃3– 4 s.
Participants were asked to listen to the auditory stimulation and
count the monaural deviant sequences (rare or uncommon sequences
presented in the same ear as the standard or common sequences). At
the end of each block, they were asked to report this count. Through
these instructions, expectation was manipulated using two types of
deviant stimuli: 1) expected deviants, which were the monaural
deviant sequences that participants were instructed to attend to, and 2)
unexpected deviants, namely, interaural deviant sequences that were
novel stimuli not explicitly specified in the instructions.
High-Density EEG Data Collection and Preprocessing
During the experiment, 128-channel hdEEG signal was recorded
using a Biosemi amplifier, sampled at 1,024 Hz and referenced to
linked mastoids. Data were downsampled to 256 Hz and bandpass
filtered at 0.5 and 20 Hz. The epochs were extracted between ⫺200
and 1,300 ms relative to the start of the presentation of each sequence.
Given that we analyzed ERP responses after the fifth tone, these
epochs were baseline-corrected relative to the mean activity during
the ⫺200- to 0-ms window preceding the onset of the fifth tone
(Bekinschtein et al. 2009; Chennu et al. 2013). Data containing
excessive eye movement or muscular artifacts were rejected by a
quasi-automated procedure; noisy channels and epochs were identified by calculating their normalized variance and then manually
rejected or retained by visual confirmation. Rejected channels were
interpolated using spherical spline interpolation. There were no significant differences in the number of channels interpolated or epochs
rejected in the three conditions and groups. The retained data were
jointly re-referenced to the linked mastoid electrodes. These process-

Fig. 1. Experimental task. Auditory stimuli consisted of sequences of 5 tones of type A (green) or B (red) presented in 2 blocks. Each block included standard
sequences (71.5%), with 5 repetitions of the same tone (left); expected deviant sequences (14.25%), in which the fifth tone differed from the previous tone in
type (middle); and unexpected deviant sequences (14.25%), in which all the tones were identical except the fifth tone was presented in the opposite ear (right).
In block 1, tones of type A were used for standard and unexpected deviant sequences and type B for expected deviants. In contrast, in block 2, tones of type
B were used for standard and unexpected sequences and type A for expected deviant stimuli. LE, left ear; RE, right ear.
J Neurophysiol • doi:10.1152/jn.00543.2015 • www.jn.org
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ing steps were implemented using custom MATLAB scripts that used
EEGLAB functionality (Delorme and Makeig 2004).
Data Analysis
ERP markers of predictive coding. The MMN and P300 components were compared within groups in pairs of conditions (standard
vs. deviant) and between groups for deviant conditions (expected and
unexpected) as previously reported (Chennu et al. 2013). Time windows were selected between 100 and 200 ms for the MMN marker
and within 200 and 600 ms for the P300 marker. The epochs in the
habituation phase were excluded from this analysis. In both withinand between-group comparisons, epochs in each condition were
averaged subject-wise. The number of epochs contributing to each
participant’s ERPs was equalized before averaging by rejecting a
random subset of epochs in the condition with exceeding epochs.
These averages were passed to the FieldTrip analysis (Maris and
Oostenveld 2007), a procedure that compared each spatiotemporal
point in the subject-wise averages using one-tailed dependent (for
within-group comparisons) or independent (for between-group comparisons) sample t-tests. A nonparametric clustering method was
introduced to address the resulting multiple comparisons problem
(Bullmore et al. 1999). The t values of adjacent spatiotemporal points
with P values of ⬍0.05 were clustered together by summating their t
values, and the largest cluster was retained. A minimum of two
neighboring electrodes (within a 4-cm radius) was required to pass
this threshold to form a cluster (Chennu et al. 2013). The cluster-level
t value was calculated as the sum of the individual t values at the
points within the cluster. To assess the significance of a spatiotemporal cluster identified as above, this procedure was repeated 1,000
times, with recombination and randomized resampling of the subjectwise averages before each repetition using a Monte Carlo method
(Manly 2007). After each repetition, the t value of the largest cluster
identified was retained. The proportion of these 1,000 randomized t
values greater than the originally identified cluster-level t value was
used to calculate a nonparametric P value for the originally identified
cluster.
Source space reconstruction. Cortical sources of both P300 markers of deviant conditions (expected and unexpected) were reconstructed with Brainstorm (Tadel et al. 2011). Following previous
studies in children and adolescents (Escobar et al. 2014; Liu et al.
2014), we first calculated a forward model using the OpenMEEG
Boundary Element Method (Gramfort et al. 2010) on the cortical
surface of a template MNI brain (colin27) with a 1-mm resolution. In
the next step, an inverse model was constrained using weighted
minimum norm estimation (Baillet et al. 2011) to estimate source
activation in picoampere-meters. To plot cortical maps, grand-averaged activation values were normalized by calculating z scores at each
time point relative to baseline activity within the ⫺200- to 0-ms
window and then spatially smoothed with a 5-mm kernel. Subjectwise activation time courses were extracted by averaging activity
within regions of interest (ROIs) visually identified in the grandaverage cortical maps. Finally, time courses for each ROI were
compared between groups using a FieldTrip-based analysis similar to
that used for ERPs but restricted to clustering in the temporal dimension (Chennu et al. 2013). For group comparisons, time windows were
selected between 200 and 400 ms for early P300 components and
within 400 and 600 ms for late P300 markers.
Associations between cortical markers and EF tasks. Spearman
rank correlation was used to explore associations between cortical
markers of top-down expectation and EF tasks. To obtain cortical
markers, we first performed single-trial ERP cluster analyses with
individual participants in which standard and deviant sequences were
compared. We then used the t values of significant ERP spatiotemporal clusters between both conditions in each participant as a global
score for cortical measures. These scores were associated with the
three outcomes of each EF task (working memory, inhibitory control,

and set-shifting). We first used the Mahalanobis distance method
(Tabachnick and Fidell 2001) to exclude multivariate outliers and
reported the associations (after excluding any outliers) that were
statistically significant as indicated by an ␣ value ⬍0.05.
RESULTS

We explored the successive levels of ERP-markers for
predictive coding: the bottom-up prediction error indexed by
the early MMN and influences of top-down expectation indexed by the late P300 (Chennu et al. 2013). According to the
predictive coding framework (Feldman and Friston 2010; Friston 2009), prediction error corresponds to the mismatch between sensory input and top-down predictions about that input.
These predictions are learned and updated on the basis of
preceding stimuli (prior experience). In our paradigm, predictability is generated by the repetition of standard stimuli in the
habituation phase. Prediction error could then be greater for
deviant sequences compared with standard sequences and
could be interpreted as a failure to predict deviant stimuli.
Neural mechanism underlying this process may correspond to
a gain control that reflects the bottom-up learning of predictability. Prediction errors can also be enhanced by gain topdown mechanisms representing the predictive precision of a
stimulus before it is presented (Chennu et al. 2013). This can
be changed a priori by task instructions that manipulate conditional expectation of an attentional set (expected deviants).
In both MMN and P300 indexes and following previous
studies (Bekinschtein et al. 2009; Chennu et al. 2013), we
compared deviant and standard conditions in each group by
using within-subjects analyses. Deviant conditions were then
compared between groups. Additionally, we further explored
the influences of manipulation of expectation by contrasting
the effects of expected and unexpected deviant conditions in
top-down processing.
As stated in the Introduction, we expected to find group
differences in top-down expectation (P300). To examine this
hypothesis with both temporal and neuroanatomical constraints, we analyzed both the ERP and the source space of
frontal generators. Accordingly, we reconstructed cortical
sources of P300 responses associated with both deviant conditions.
Finally, we examined the involved cognitive control mechanisms related to abnormalities in top-down expectation by
performing correlations between P300 markers and performance in EF tasks.
Bottom-Up Processing Indexed by the MMN
Figure 2A compares the early MMN responses generated by
standard and expected monaural deviant sequences for each
group. The spatiotemporal cluster analysis identified significantly larger early MMN activation generated by deviants in
the three groups: controls (cluster t ⫽ ⫺3,096.82, P ⫽ 0.003),
ASD individuals (cluster t ⫽ ⫺2,066.53, P ⫽ 0.008), and
ADHD children (cluster t ⫽ ⫺2,201.64, P ⫽ 0.025). Likewise,
no significant differences were found between groups in this
deviant condition; i.e., not for control vs. ASD groups, control
vs. ADHD groups, or ASD vs. ADHD groups (Fig. 2B). These
results suggest that prediction error generated in the early
stages of auditory processing is normally developed in control
participants and both ASD and ADHD groups.
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Fig. 2. Bottom-up processing indexed by the mismatch negativity (MMN). A: within-group differences between monaural deviant and monaural standard
conditions for each group. Top plots show the spatial topography of the cluster at the time point of maximal difference between the pair of conditions. Thick
black lines outline the spatial extent of the cluster, and the white dot therein indicates the electrode at which the maximum difference was observed. Bottom plots
show grand-average event-related potential (ERP) time courses at this electrode in microvolts. Shaded bars around the ERPs indicate SE. The thick black
horizontal line indicates the temporal extent of the significant cluster, and the red dashed vertical line depicts the time point at which the topography above is
plotted (only when significant clusters were found). This time point is also specified above the plot, in addition to the Monte Carlo t and P values of the cluster.
The pink-shaded rectangular box indicates the time window within which the conditions/groups were compared. Vertical black dotted lines indicate the onset
of each of the 5 tones in the sequence. B: between-group differences in monaural deviant condition in the MMN temporal window. The plots depict time courses
of the cluster at the electrode in which maximal differences between groups were observed for this condition. No significant differences were observed in these
group comparisons. ASD, autism spectrum disorder; ADHD, attention deficit hyperactivity disorder.

Top-Down Expectation Indexed by the P300

F3

In this section, we separately analyze the P300 responses for
expected and unexpected deviant stimuli in both electrode and
source spaces.
Expected deviant sequences. ELECTRODE SPACE. P300s
evoked by expected deviant sequences were significantly larger
than standard sequences in the control (cluster t ⫽ 19,946.39,
P ⫽ 0.001), ASD (cluster t ⫽ 11,699.81, P ⫽ 0.006), and
ADHD groups (cluster t ⫽ 9,437.13, P ⫽ 0.001; Fig. 3A).
However, between-group comparisons of this deviant condi-

tion revealed that ADHD individuals showed lower P300
responses than controls (cluster t ⫽ 3,276.10, P ⫽ 0.040; Fig.
3B). No significant differences were observed in this condition
for ADHD vs. ASD groups or ASD vs. control groups. Although all participants generated P300s to expected deviant
sequences, between-group analyses showed that this ERPbased marker of top-down expectation was relatively reduced
in ADHD compared with control participants.
SOURCE SPACE. Figure 4A shows bilateral superior frontal
cortex (FC) activation for expected deviants at the P300 peak in

C
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R
Fig. 3. Top-down expectation for expected deviant sequences indexed by the P300. A: withingroup differences between expected deviant and
standard conditions for each group in the P300
time window (see Fig. 2 for details). B: betweengroup differences in expected deviant condition
at the P300 peak.
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Fig. 4. Source reconstruction for expected deviant
sequences. A: cortical activation maps at the P300
peak for each group highlighting stronger responses in
the bilateral superior frontal cortex. B: activation time
courses in picoampere-meters, comparing group differences for this region of interest (ROI) by cluster
analyses (see Fig. 2 for details). C: cortical activation
maps at the late phase of the P300 component exhibiting higher left dorsolateral prefrontal cortex activation in the ASD group. D: activation time courses of
group differences in this ROI by cluster analyses.

F5

the control and ASD group. However, no such activation was
observed in ADHD individuals. The temporal cluster betweengroup analyses (Fig. 4B) revealed significantly larger activation in
this source for control compared with the ADHD group (cluster
t ⫽ 54.24, P ⫽ 0.005). No significant differences were found
between control vs. ASD groups and ASD vs. ADHD groups.
Additionally, left dorsolateral prefrontal cortex (DLPFC) activation was observed in the late phase of the P300 component (⬇500
ms) only in the ASD group (Fig. 4C). Importantly, ASD subjects
presented greater activation than both control (cluster t ⫽ ⫺36.87,
P ⫽ 0.044) and ADHD participants (cluster t ⫽ 25.89, P ⫽ 0.050;
Fig. 4D). No significant clusters were observed in the control vs.
ADHD group.
Together, these results suggest a reduced cortical engagement in ADHD individuals for stimuli that require focused
attention (expected sequences). Conversely, ASD individuals
exhibited heightened frontal activation in a late time period,
suggesting a stronger attentional updating in response to expected stimuli.
Unexpected deviant sequences. ELECTRODE SPACE.
First, both expected and unexpected deviant stimuli were
compared in each group (Fig. 5A). In the control (cluster t ⫽
4,877.81, P ⫽ 0.041) and ASD groups (cluster t ⫽ 11,699.81,
P ⫽ 0.006), significantly higher P300 responses were observed
for expected compared with unexpected stimuli. However, no
significant clusters between these conditions were found in the
ADHD group. These findings are consistent with the results

presented above and suggest that neural tuning of expectation
to anticipated stimuli is reduced in children with ADHD,
resulting in a lack of cortical distinction between expected and
unexpected sequences.
Therefore, we explored the attentional responses to unexpected deviant stimuli. Higher P300 markers for this deviant
condition compared with standard sequences were observed in
the control (cluster t ⫽ 5,597.99, P ⫽ 0.019) and ADHD
groups (cluster t ⫽ 7,653.74, P ⫽ 0.008). However, no such
effect was observed in ASD subjects (Fig. 5B). Similarly,
between-group analyses for unexpected deviant condition revealed a reduced P300 response in the ASD group compared
with control (cluster t ⫽ 6,016.79, P ⫽ 0.044) and ADHD
groups (cluster t ⫽ ⫺6,954.46, P ⫽ 0.041; Fig. 5C).
These results suggest that children with ASD generated
minimal responses to unexpected deviant sequences (despite
their novelty). Instead, they fixated on the expected sequences
that were explicated in the task instructions.
SOURCE SPACE. Figure 6A shows that regions in the right
superior FC were activated for unexpected deviants at the P300
peak in the control and ADHD groups, whereas no such frontal
activation was observed in ASD subjects. Therefore, this
source was significantly less active in the ASD group compared with the control (cluster t ⫽ 42.73, P ⫽ 0.023) and
ADHD groups (cluster t ⫽ ⫺35.51, P ⫽ 0.047; Fig. 6B).
In this deviant condition, a high bilateral PFC activation was
observed in the late phase of the P300 component, but only in

J Neurophysiol • doi:10.1152/jn.00543.2015 • www.jn.org

F6

tapraid4/z9k-neurop/z9k-neurop/z9k01515/z9k3329d15z xppws S⫽1 10/7/15 16:33 MS: JN-00543-2015 Ini: 11/ms/bew

PREDICTIVE CODING IN ASD AND ADHD CHILDREN

7

C
O
L
O
R
Fig. 5. Top-down expectation for unexpected
deviant sequences indexed by the P300. A:
within-group differences between expected
and unexpected deviant conditions for each
group (see Fig. 2 for details). B: within-group
comparisons between standard and unexpected
deviant sequences in the P300 time window.
C: between-group differences in the unexpected deviant condition.

ADHD subjects (Fig. 6C). The between-group comparisons of
this source (Fig. 6D) confirmed that the ADHD group displayed a significantly greater activation compared with the
control (cluster t ⫽ ⫺36.05, P ⫽ 0.048) and ASD groups
(cluster t ⫽ 39.89, P ⫽ 0.036). Altogether, these analyses
indicate that although frontocortical activation to unexpected
deviant sequences was reduced in children with ASD, children
with ADHD were much more responsive to these novel stimuli
and evidenced higher late cortical engagement.
Associations Between ERP Markers of Top-Down
Expectation and EF Tasks
In the following section, we separately report the significant
correlations between the P300 markers of each deviant condition and behavioral performance on EF tasks in each group (see
details in Data Analysis).
Expected deviant condition. Significant associations between the ERP marker of expected sequences and EF performance were found in the control and ASD groups. Specifically,
increased cortical response, quantified by the t value of the
statistically significant ERP spatiotemporal cluster, was associated with high working memory in the control group (rs ⫽
0.47, P ⫽ 0.043) and greater inhibitory control in the ASD
group (rs ⫽ 0.62, P ⫽ 0.002). No significant associations were
found in the ADHD group.
Unexpected deviant condition. For the ERP marker of unexpected sequences, significant associations were observed in

the ADHD group only. Increased neural responses to unexpected sequences were associated with greater set-shifting
abilities (rs ⫽ 0.61, P ⫽ 0.035). No significant associations
were observed in the control and ASD groups.
In summary, neural signatures of top-down expectation were
related to different executive skills across groups. In control
children, higher working memory was associated with cortical
markers of attention to expected or task-relevant stimuli, suggesting higher attentional updating. Regarding children with
ASD, greater inhibitory control was related to increased neural
responses to expected stimuli, indicating higher cognitive control closely adhering to explicit task instructions. Finally, in
children with ADHD, higher set-shifting skills were associated
with enhanced cortical responses to unexpected sequences,
showing greater resource allocation in switching between attentional sets during the task.
DISCUSSION

The current study explored top-down expectation alongside
bottom-up salience using ERP markers of predictive coding in
ASD, ADHD, and control children. Our results showed that
children with ASD and children with ADHD share abnormalities in neural markers of top-down expectation and also
present a dissociated pattern of atypical top-down processing.
Compared with other groups, children with ASD presented
reduced P300 and frontocortical responses (localized to the
superior FC) to unexpected events but exhibited increased late
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Fig. 6. Source reconstruction for unexpected deviant
sequences. A: cortical activation maps at the P300
peak for each group at the right superior frontal
cortex. B: activation time courses in picoamperemeters, comparing group differences for the previous
ROI by cluster analyses (see Fig. 2 for details). C:
cortical activation maps at the late phase of the P300
showing stronger responses in the prefrontal cortex
(bilaterally) in the ADHD group. D: activation time
courses for group differences in this ROI by cluster
analyses.

T2

frontal activation to expected stimuli (in the right DLPFC). In
contrast, children with ADHD showed reduced P300 attentionrelated cortical responses to expected deviants (in superior FC)
but demonstrated increased late frontal activation (in bilateral
PFC) to unexpected/novel stimuli (see summary of main results in Table 2).
Based on the current accounts of attention as precision in the
predictive coding framework (Friston 2009), abnormalities in
top-down expectation could be attributed to a disproportionate

reliance (precision) allocated to either prior beliefs in children
with ASD or to novel sensory input in children with ADHD.
Therefore, this framework allows us to posit a broader mechanistic explanation for how this misallocation of attentional
precision could commonly underpin the atypical responses to
unpredictable contexts in ASD and enhanced bottom-up attentional capture in ADHD.
Additionally, these atypical neural responses were associated with different behavioral correlates; in children with ASD,

Table 2. Summary of ERP and source reconstruction results

MMN
Electrode space
P300
Expected deviants
Electrode space
P3a source space
P3b source space
Unexpected deviants
Electrode space
P3a source space
P3b source space
Expected vs. unexpected

Control

ASD

ADHD

Control vs. ASD

Control vs. ADHD

ASD vs. ADHD

ⴙ

ⴙ

ⴙ

n.s.

n.s.

n.s.

ⴙ
1
2

ⴙ
1
1

ⴙ
2
2

n.s.
n.s.
Control⬍ASD*

Control⬎ADHD†
Control⬎ADHD†
n.s.

n.s.
n.s.
ASD⬎ADHD*

ⴙ
1
2
ⴙ

n.s.
2
2
ⴙ

ⴙ
1
1
n.s.

Control⬎ASD*
Control⬎ASD*
n.s.
n.a.

n.s.
n.s.
Control⬍ADHD†
n.a.

ASD⬍ADHD*
ASD⬍ADHD*
ASD⬍ADHD†
n.a.

In the electrode space, plus signs (⫹) indicate a significant event-related potential (ERP) modulation between deviant and standard conditions (see Data
Analysis for details). In the source space, upward arrows indicate an observed peak activation in the selected source, whereas downward arrows indicate an
absence of this peak activation. Comparisons represent between-group differences determined by employing cluster analysis. *Main results for the ASD group.
†Main results for the ADHD group. n.a., not available; n.s., not significant.
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high inhibitory control was related to focused attention to
task-related stimuli (expected), and in children with ADHD,
higher set-shifting strategies correlated with excessive switching. According to our knowledge, this study is the first empirical report that draws upon predictive coding to delineate the
neural mechanisms that could be responsible for attentional
abnormalities in ASD and ADHD individuals.
Bottom-Up Processing in Children with ASD or ADHD
As expected, normal prediction error signals indexed by
MMN in response to deviants were observed in both ASD and
ADHD subjects. Larger MMN amplitude elicited by deviant
compared with standard stimuli has been interpreted as intact
bottom-up learning of predictability at the early stage of
predictive coding (Garrido et al. 2009).
Previous research on the MMN in individuals with ASD has
revealed inconsistencies (Gomot and Wicker 2012), probably
due to differences in attentional task demands (Dunn et al.
2008). For instance, typical MMN amplitude was exhibited in
individuals with ASD if stimuli were attended to (Dunn et al.
2008). The specific instructions included in the current study
consistently guided attention to deviants; therefore, normal
MMN responses were observed in children with ASD. Regarding children with ADHD, our results are consistent with most
of the studies that have reported normal MMN modulation in
these individuals (Barry et al. 2003).
From a predictive coding perspective, these results suggest
that deficits in both neurodevelopmental disorders would not
be due to deficient bottom-up prediction error generation. On
the contrary, they are more plausibly explained by abnormalities in top-down expectations and attention.
Top-Down Expectation in Children with ASD
Our results show that children with ASD presented diminished P300 amplitude and FC activation in response to unexpected stimuli and enhanced DLPFC activation in the late
phase of the P300 responses to expected deviants. These results
are consistent with previous studies in individuals with ASD
that have found reduced P300 amplitude to novel/unexpected
stimuli (O’Connor 2012) and greater dorsomedial PFC activation to target/expected stimuli (Dichter et al. 2009).
Based on predictive coding, our results suggest that ASD
individuals could be impaired in their ability to adjust precision
if faced with uncertainty due to inflexible expectation (Van de
Cruys et al. 2014). In other words, the tendency to inhibit
bottom-up influences and the attentional bias toward expected
stimuli may trigger difficulties in adjusting precision in changing real-world environments. This finding aligns with recent
accounts of predictive coding in ASD (Lawson et al. 2014)
suggesting that ASD individuals fail to contextualize sensory
evidence in relation to prior beliefs and that these difficulties
mostly emerge in uncertain environments (Gomot and Wicker
2012). More specifically, it has been proposed (Van de Cruys
et al. 2013, 2014) that the flexible adjustment of precision in
particular contexts is lacking in ASD, leading to overfitted and
nongeneralizable predictions. Attenuated priors also have been
proposed to explain hypersensitivity to sensory stimulation in
individuals with ASD (Lawson et al. 2014; Pellicano and Burr
2012). Although this explanation would differ from our account, sensory hypersensitivity has been associated with more
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severe manifestations of ASD (Tavassoli et al. 2014). Because
we assessed ASD subjects with low-to-mild severity level,
these previous accounts may be true for ASD populations with
more severe symptomatology. Future studies should further
explore this issue to delineate differences in predictive coding
with increasing severity of ASD. Moreover, both attenuated
and exacerbated priors indicate failures in adjusting precision
(Lawson et al. 2014), and therefore, both impairments could
emerge as a function of context uncertainty.
Furthermore, highly structured contexts may favor strong
expectation and inhibition of distraction by unexpected events.
Accordingly, individuals with ASD have shown intact performance if explicit information about task rules is available, but
they fail in open-ended tasks in which rules must be inferred
(Baez and Ibanez 2014; Baez et al. 2012; Senju et al. 2009;
White et al. 2009). Possibly, these individuals employ higher
and disproportionate cognitive control strategies to follow task
instructions, attenuating the processing of unexpected stimuli.
The observed association between top-down abnormalities and
high inhibitory control performance in ASD supports this
hypothesis.
Conversely, unstructured contexts could increase the volume
of sensory channels, leading to overload. Whereas in the
current study we have employed an explicit or structured task,
future studies should explore top-down expectation using unstructured paradigms (i.e., without task instructions) to test this
notion.
Top-Down Expectation in Children with ADHD
Children with ADHD exhibited reduced P300 amplitude
and superior FC source activity for expected deviants but
increased PFC activation in response to unexpected deviants
in the late P300 window. These results parallel ADHD
reports of diminished attentional-related neural response to
target (expected) stimuli (Barry et al. 2003; Kemner et al.
1996; Marzinzik et al. 2012; Senderecka et al. 2012), as well
as more pronounced attention switching to novel (unexpected) events (Gumenyuk et al. 2005; Keage et al. 2006;
Kemner et al. 1996).
In our study, those abnormalities were related to higher
set-shifting performance in children with ADHD. In typically
developing individuals, this ability allows flexible switching
between attentional sets. Nevertheless, inappropriate set-shifting to irrelevant/novel stimuli may reduce the attentional focus
to expected stimuli in children with ADHD. This interpretation
is consistent with previous studies that have reported abnormal
attention-switching in these individuals (Cepeda et al. 2000;
Nigg 2005).
Based on the predictive coding framework, our results suggest that difficulties in top-down expectation in children with
ADHD are due to high precision ascribed to novel sensory
evidence relative to task instructions. Although children with
ADHD responded to failures of accurate prediction (unexpected deviants), they generated diminished prediction errors
for expectations generated by task instructions. A disorderspecific failure to correctly place confidence in expectations
could trigger difficulties to attenuate sensory salience and,
consequently, increased distractibility.
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GRANTS

Limitations and Further Assessment
Difficulties in responding to expected stimuli by children
with ADHD were not identified in within-group analyses,
which is possibly explained by the short task duration.
Reduced P300 amplitude to targets in tasks with slower
event rates, and therefore longer duration (Johnstone and
Galletta 2013; Wiersema et al. 2006), has been observed in
ADHD reports. Future studies should manipulate task duration in the assessment of attentional abnormalities in these
individuals.
Because of the reduced sample size and well-known high
variability reported in both neurodevelopmental disorders
(Geurts et al. 2008; Gonzalez-Gadea et al. 2013; GonzalezGadea et al. 2014), we used nonparametric analyses that lack
interaction effects between groups and conditions, as well as
the inclusion of covariables such as age, symptomatology, or
comorbidity. Future studies with larger samples would further
explore the influence of these variables by employing multivariate methods.
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