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ARTICLE INFO ABSTRACT

Keywords: Efficient information processing facilitates cognition and may be disrupted in a number of neurodevelopmental
Aperiodic exponent conditions. And yet, the role of inefficient information processing and its neural underpinnings remains poorly
EEG

understood. In the current study, we examined the cognitive and behavioral correlates of the aperiodic exponent
of the electroencephalogram (EEG) power spectrum, a putative marker of disrupted, inefficient neural
communication, in a sample of adolescents with and without ADHD (n = 184 napup = 87; Mage = 13.95 years, SD
= 1.36). Exponents were calculated via FOOOF (Donoghue et al., 2020a) from EEG data recorded during an 8-
minute baseline episode. Reaction time speed and variability, as well as drift diffusion parameters (including the
drift rate parameter, a cognitive parameter directly related to inefficient information processing) were calcu-
lated. Adolescents with ADHD had smaller aperiodic exponents (a “flattened” EEG power spectrum) relative to
their typically-developing peers. After controlling for ADHD, aperiodic exponents were related to reaction time
variability and the drift rate parameter, but not in the expected direction. Our findings lend support for the
aperiodic exponent as a neural correlate of disrupted information processing, and provide insight into the role of

Intraindividual variability

Cognitive heterogeneity

Attention deficit/hyperactivity disorder
(ADHD)

cortical excitation/inhibition imbalance in the pathophysiology of ADHD.

1. Introduction

Attention deficit/hyperactivity disorder (ADHD) is a neuro-
developmental disorder that is associated with cognitive control im-
pairments (Huang-Pollock et al., 2012; Kofler et al., 2013; Willcutt et al.,
2005). Although there is heterogeneity in the ADHD population (Fair
etal., 2012; Nigg, 2005), at the group level, consistent impairments have
been found in attention, working memory, and response inhibition
(Huang-Pollock et al., 2012; Kofler et al., 2013; Martinussen et al., 2005;
Nikolas and Nigg, 2013; Willcutt et al., 2005). Mounting evidence also
points to intraindividual variability—indexed by greater reaction time
variability (RTV)—as a core cognitive dysfunction for some individuals
with ADHD. RTV is of particular interest in ADHD because it yields one
of the largest group differences of any cognitive measure (Kofler et al.,
2013) and may mediate other cognitive impairment in the disorder
(Karalunas and Huang-Pollock, 2013).

Although increased RTV in ADHD is well-documented, there is not
yet agreement on its neural correlates or mechanisms (e.g., Karalunas

et al., 2014; Killeen et al., 2013; Kofler et al., 2013; Sonuga-Barke, and
Castellanos, 2007). One problem in narrowing these mechanisms is that
commonly used measures of reaction time—mean (RT) and standard
deviation (SDRT)—are influenced by multiple processes (e.g.,
speed-accuracy trade-offs). Each of these has been implicated in cogni-
tive theories of ADHD. Perhaps for this reason, RTV correlates broadly
with deficits in networks associated with attentional control (e.g.,
Bellgrove et al., 2004; Simmonds et al., 2007) but also with regions
related to response selection and motor output (Kanai and Rees, 2011).

Recently, progress in clarifying cognitive mechanisms underlying
RTV has been made using computational approaches to separately
model the multiple processes affecting the decision process. Within
ADHD, the emphasis has been on well-validated variants of sequential
sampling models (SSMs) (Ratcliff and Rouder, 1998). SSMs assume that
information about a stimulus is accumulated via an information accu-
mulation process (drift rate) until a decision criterion (boundary separa-
tion) is met, at which point a response is initiated. Processes that are not
related to the response decision (e.g., motor preparation) are also

* Corresponding author at: Child Study Center, The Pennsylvania State University, 267 Moore Building, University Park, PA, 16802, United States.

E-mail address: bdo12@psu.edu (B.D. Ostlund).

https://doi.org/10.1016/j.dcn.2021.100931

Received 24 October 2019; Received in revised form 15 January 2021; Accepted 27 January 2021

Available online 29 January 2021

1878-9293/© 2021 Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).


mailto:bdo12@psu.edu
www.sciencedirect.com/science/journal/18789293
https://www.elsevier.com/locate/dcn
https://doi.org/10.1016/j.dcn.2021.100931
https://doi.org/10.1016/j.dcn.2021.100931
https://doi.org/10.1016/j.dcn.2021.100931
http://creativecommons.org/licenses/by-nc-nd/4.0/

B.D. Ostlund et al.

modeled (non-decision time). The evidence accumulation process is
described as “noisy” because random neural activity unrelated to the
decision process is thought to influence the efficiency with which a
person is able to accumulate decision-relevant information.

SSMs have helped clarify the nature of cognitive impairments in
ADHD (Karalunas and Huang-Pollock, 2013; Karalunas et al., 2012a;
Weigard et al., 2016). Children with ADHD show a reduced drift rate
relative to their peers without ADHD, with inconsistent differences in
other parameters (Karalunas et al., 2014; Weigard et al., 2018). This
inefficient information processing is thought to reflect weaker
signal-to-noise in the underlying neural circuits (Ratcliff, 2006; Ratcliff
and Rouder, 1998), but has not been directly demonstrated in ADHD.

Disruptions to the excitatory (E) to inhibitory (I) balance may
contribute to impairment in specific psychiatric populations (Voytek
and Knight, 2015), with a speculative link that a shift away from cortical
inhibition may be related to disrupted information processing. This
suggestion is consistent with prior studies that have linked reduced
GABAergic and increased glutamatergic activity with ADHD (Edden
et al., 2012; Hammerness et al., 2012; Zimmerman et al., 2015),
signaling a possible E/I imbalance. Prior studies have also shown dis-
rupted neural communication in ADHD and related neurodevelopmental
disorders (Groom et al., 2010; Dinstein et al., 2012; Milne, 2011) using
single-trial electroencephalogram (EEG) and canonical measures of EEG
signal variability (McLoughlin et al., 2014), lending support to neural
theories of information processing deficits in ADHD.

The EEG is comprised of periodic (oscillations) and aperiodic (offset,
exponent) signals (Donoghue et al., 2020a). The aperiodic exponent
reflects power across frequencies of the power spectral density (PSD).
This neural marker is characterized by the y parameter of a 1/ f* func-
tion, and has been linked to the E/I balance in cortical circuits (Gao
et al.,, 2017). A shift away from cortical inhibition is reflected as a
smaller exponent (flatter PSD). EEG studies on ADHD are potentially
consistent with a flattening of the power spectrum (e.g., Barry et al.,
2009; Loo et al., 2013), but have been interpreted in terms of ratios
between canonical frequency bands. This may be problematic: recent
findings indicate that band ratio measures (e.g., theta/beta ratio) are
conflated by the aperiodic signal (Donoghue et al., 2020b).

Emerging evidence suggests that ADHD may be linked to difference
in aperiodic activity. Robertson et al. (2019) found that young children
with ADHD who were stimulant medication-naive had steeper PSDs
relative to their typically-developing peers and children with ADHD who
were prescribed stimulant medication. In a pioneering but small study
(N = 61, napgp = 29), Pertermann and colleagues (2019) found that
children with ADHD had flatter PSDs relative to their peers when
engaged in response inhibition. This effect disappeared after methyl-
phenidate treatment, indicating a potential role of dopamine in
normalizing the relative contributions of E/I. Thus, findings suggest that
differences in the exponent may associate with cognitive impairments in
ADHD, although the direction of effect remains unclear. Findings
require replication in larger samples and extension to other
ADHD-related cognitive deficits.

In this study, we examined relationships between the aperiodic
exponent and measures of RTV among adolescents with and without
ADHD. We pre-registered an analysis plan (osf.io/vwtqn) that quantified
the PSD using the power spectrum slope; however, during the time the
manuscript was under review a parameterization method that disen-
tangled aperiodic from periodic activity became available (Donoghue
et al., 2020a). Thus, we report our primary result using this newer
method; results using the other method are reported in the Supplement.
Other details of our analytic plan (e.g., hypotheses, sample selection)
follow the pre-registration. We hypothesized that adolescents with
ADHD would have smaller exponents relative to their peers. Recog-
nizing cognitive heterogeneity in ADHD, we predicted that slower RT
and higher RTV would be associated with a smaller exponent in ado-
lescents with and without ADHD. Finally, we predicted that a smaller
exponent would be related to slower drift rate, a cognitive indicator of
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inefficient information processing, but not boundary separation or
non-decision time.

2. Materials and methods
2.1. Participants

Two-hundred and thirty-seven individuals between the ages of
11-17 years were recruited as part of an ongoing longitudinal study.
Participants were initially recruited between the ages of 7-11 years
using a community-based strategy based on public advertising and
outreach. A parent/legal guardian provided written informed consent
for themselves and their child. Adolescents provided written assent.
Ethics approval was obtained from the Institutional Review Board at
Oregon Health & Science University.

2.1.1. Baseline diagnostic assessment

At enrollment, a parent/guardian and teacher completed a research
diagnostic evaluation including standardized behavior rating scales
(ADHD Rating Scale, Conners’-3, Strengths & Difficulties Questionnaire)
and a semi-structured clinical interview (Kiddie Schedule for Affective
Disorders and Schizophrenia; parent only). Children completed
behavior ratings (Multidimensional Anxiety Scale for Children and
Children’s Depression Inventory) and IQ and academic achievement
screening (Wechsler Intelligence Scale for Children, 4th Ed., Vocabu-
lary, Block Design, and Information and Wechsler Individual Achieve-
ment Test, 2nd Ed. Word Reading and Math Reasoning). Using all
available information, baseline diagnoses were made by a clinical
diagnostic team that included a board-certified child psychiatrist with
over 25 years of experience and a licensed child neuropsychologist with
over 10 years of experience. Blind to one another’s ratings, they formed
a diagnostic opinion based on all available information. Their agreement
rate was excellent (ADHD diagnosis kappa = .88). Disagreements were
conferenced and consensus reached. Cases where consensus was not
readily achieved were excluded from the longitudinal study. Additional
information about recruitment procedure and enrollment criteria can be
found elsewhere (see Karalunas et al., 2014; Alperin et al., 2017).

2.1.2. Diagnostic assessment at year of EEG recording

All children in the longitudinal study were invited to participate in
an optional EEG visit at a single time point (Year 5, 6, or 8 depending on
the date of their initial enrollment). Complete diagnostic assessment was
repeated and was identical to baseline assessment at this visit, including
parent, teacher, and child standardized behavioral ratings and semi-
structured clinical interview with parent. Cases were reviewed by the
same diagnostic team as described for Year 1. In addition, total symptom
counts were determined by combining parent (K-SADS) and teacher
(ADHD-RS) report using an “OR” algorithm (Pelham et al., 2005).
Following the DSM, final diagnostic groups at the year of the EEG visit
were determined as follows: Individuals with ADHD were required to
have > 6 hyperactive or > 6 inattention symptoms, as well as parent
reported impairment on the K-SADS. Individuals in the control group
were required to have < 3 hyperactive, < 3 inattention symptoms, and <
4 total symptoms with no reported impairment.

Of the 237 children enrolled for the current study, 143 had ADHD at
baseline and 94 were typically-developing controls. At the year of the
EEG visit, 86 adolescents from the original ADHD sample continued to
meet full criteria for ADHD, 19 transitioned to subthreshold (i.e., 5
symptoms of inattention or hyperactivity-impulsivity), 11 could not be
readily classified as either ADHD or control based on symptom counts,
and 17 transitioned from the ADHD to control group. Of the original
typically-developing sample, 80 remained classified as controls, 1 now
met criteria for ADHD, and 12 could no longer be classified as controls or
as having ADHD. Because this is an ongoing longitudinal study, we did
not have complete diagnostic information on 11 adolescents at the time
of data analysis. Primary analyses for the present study were based on
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diagnosis at the year of EEG recording (n = 184; napyp = 87; males =
117).

2.2. Measures

2.2.1. EEG data collection and preprocessing

Children completed a resting baseline EEG recording as part of a
longer laboratory protocol. EEG was continuously recorded during an 8-
minute baseline task, which was divided into four 2-minutes blocks.
Adolescents were instructed to keep their eyes open (EO) for two of the
blocks, and closed (EC) for the other two blocks. Blocks alternated be-
tween EC and EO conditions (EC, EO, EC, EO).

EEG was recorded with 32 Ag-AgCl active electrodes based on the
international 10-20 system. The EEG signal was amplified with Brain
Products’ ActiCHamp system and digitally recorded at 500 Hz using
PyCorder v1.0.9. Impedance levels for each electrode was at or below
50kQ during data collection. EEG was referenced online to the central
midline electrode site (Cz), and was then down sampled to 250 Hz and
re-referenced to the average of all electrodes offline. EEGLAB and
ERPLAB (Delorme and Makeig, 2004; Lopez-Calderon and Luck, 2014)
toolboxes in MATLAB were used to analyze the raw EEG data. We
applied an infinite impulse response bandpass filter with a
half-amplitude cutoff of 0.1 Hz and 50 Hz, and a 12 dB/octave roll-off to
the data. An independent components analysis was used to correct eye
blink artifacts for correction.

2.2.2. Aperiodic exponent

Power spectral density was calculated in 0.5 Hz increments from 1
Hz to 50 Hz using a Fourier transformation on each artifact-free epoch.
The “Fitting Oscillations and One-Over-f” (FOOOF) toolbox was used to
calculate the aperiodic exponent. This spectral parameterization algo-
rithm decomposes the power spectrum into periodic and aperiodic
components via an iterative process of model fitting (see Donoghue
et al., 2020a for detailed description). Consistent with prior pediatric
ADHD research (Robertson et al., 2019), and recommendations for a
broad fitting range described on the author’s website, we extracted
aperiodic exponents from the 2-50 Hz frequency range of each power
spectrum (aperiodic. mode = ‘fixed’, peak_width_limits = [1, 8], max n_-
peaks = 8, default settings otherwise). We used the ‘fixed’ setting given
that we did not anticipate a “knee” in the power spectrum, a feature
observable in broad frequency ranges (e.g., 77 Hz + 14 Hz; Miller et al.,
2009). This assumption was supported by visual inspection of each PSD
after spectral parameterization via FOOOF.

2.2.3. Reaction time and drift-diffusion parameters

For the evaluation of reaction time speed and variability using the
diffusion model, we used data from a tracking version of the dual-task
“Stopping Task” (described in Logan, 1994; Logan et al., 1997; Nigg,
1999). This is a dual-task experiment in which the child completes a
series of fast decision trials. The task embeds a choice reaction time task
(go trials) and a stop task (stop trials). For each trial, a central fixation
point appeared for 500 ms. An “X” or an “O” then appeared for 1000 ms.
On 75 % of trials (“go” trials), children were asked to indicate with a key
press whether an “X” or an “O” appeared in the center of the screen. On
25 % of trials (“stop” trials), an auditory tone presented after the stim-
ulus indicated that the child should not respond. Children were given a
total of 2000 ms to respond after which the next trial automatically
commenced. Diffusion parameters were estimated from the go trials of
the task using the full distribution of correct (pressed X when X was
presented or pressed O when O was presented) and error (pressed X
when O was presented or pressed O when X was presented) reaction
times. Stop trials were ignored for this set of analyses. Diffusion
modeling has been previously used successfully in the analysis of
go-trials of a stop task in adults (Verbruggen and Logan, 2009) and in
our own work in both ADHD and autism spectrum disorders (Karalunas
et al., 2018; Karalunas and Huang-Pollock, 2013; Karalunas et al.,
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2012a). After 32 practice trials, children completed 8 blocks of 32
experimental trials each.

Mean reaction time (RT) and the standard deviation of reaction time
(SDRT) on correct go trials were calculated for each child. Diffusion
parameters were estimated from the trial-by-trial data using the Fast-dm
modeling technique and the downloadable program from the author’s
website (Voss and Voss, 2007). Drift rate (v), boundary separation (a),
and non-decision time (Ter) were computed for each participant based
on their performance on go trials as an index of speeded responses in the
context of a forced-choice reaction time task. Anticipation reaction times
(those <150 ms) were removed from the distribution because these
outlier reaction times negatively impact estimation of the diffusion pa-
rameters (Vandekerckhove and Tuerlinckx, 2007). The diffusion model
adequately fit the data for all adolescents, as indicated by the
Kolmogorov-Smirnov statistic.

2.3. Analytic plan

Data were analyzed in R v3.5.1 (R Core Team, 2018). First, we
examined whether adolescent ADHD status (ADHD/control) predicted
aperiodic exponents. Second, we examined whether aperiodic exponents
were associated with reaction time parameters (mean RT, SDRT, v, a,
t0), controlling for adolescent sex and ADHD status. Third, we examined
whether the interaction between ADHD and the aperiodic exponent
predicted any of the reaction time parameters. Missingness was handled
using the Multivariate Imputation by Chained Equations (MICE) package
(van Buuren and Groothuis-Oudshoorn, 2011). We estimated 25
imputed datasets using 25 iterations. A linear model was fit over the
imputed datasets and results were pooled and used in regression
analyses.

3. Results
3.1. Sample description

EEG data were missing for 7 participants (3.8 %; n = 5 children
where technical issues prevented recording and n = 2 excluded for poor
data quality). Reaction time data were missing for 7 participants as well
(3.8 %). Adolescents with and without missing data did not differ as a
function of age, sex, or ADHD symptoms (ps > .23).

Descriptive information is presented in Table 1. Adolescents with
and without ADHD did not differ in age (p = .84), but typically-
developing adolescents had higher IQ scores (p = .001), and males are
over-represented in the ADHD sample (p = .03), which is consistent with
documented differences in prevalence between sexes (Ramtekkar et al.,
2010). Parent and teacher reports on the Conners’ ADHD Rating Scale
were consistent with diagnostic classifications (ps < .001).

3.2. Preliminary analyses

Distributions and comparisons by ADHD status for each reaction
time parameter are presented in Fig. 1A-E Two extreme mean RT values
were excluded from analyses. Reaction time variability (SDRT) data
were log transformed to account for positive skewness. All other vari-
ables had an approximately normal distribution. Aperiodic exponents
for the EC and EO conditions were highly correlated (r = .80), and
therefore averaged for primary analyses.

Aperiodic exponents did not differ based on adolescent sex, t(175) =
—1.07, p = .28. Adolescent ADHD was significantly associated with
greater SDRT (t(175) = —4.35, p < .001), slower drift rate (t(175) =
5.16, p < .001) and faster non-decision time (t(175) = 2.90, p < .01).
Adolescent ADHD was not, however, associated with mean RT (t(173) =
1.24, p = .22) or boundary separation (t(175) = 1.26, p = .21). Overall,
findings were consistent with published results in this sample at year 1
of the longitudinal study (Karalunas et al., 2012a) and with the broader
literature (Karalunas et al., 2012b). Bivariate correlations among
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Table 1
Descriptive information.

ADHD (n = Controls (n =
87) 97)
M (SD) M (SD) p 95 % CI
Age (years) 13.93 (1.45) 13.97 (1.28) 0.84 [-0.36, 0.44]
Sex (male:female) 63:24 54:43 0.03
1Q 107.86 115.06 0.001 [2.86, 11.54]
(16.16) (13.67)
Stimulant 57 % — <
medication” 0.001
Median income $50,000— $50,000—
$74,000 $74,000
Caucasian/Non- n==81 n=90
Hispanic
Total ADHD 12.00 (3.67) 0.50 (1.33) < [-12.44,
symptoms” 0.001 —~10.56]
Conners’ ADHD RS®
Parent Int T-score 75.76 (10.75) 47.20 (9.62) < [-31.56,
0.001 —25.57]
Teacher Int T- 66.75 (12.52) 48.30 (7.98) < [—22.00,
score 0.001 —14.91]
Parent Hyp-Imp 69.55(15.73)  48.41 (9.22) < [—24.89,
T-score 0.001 —17.40]
Teacher Hyp-Imp 64.29 (15.49) 48.00 (7.40) < [-20.38,
T-score 0.001 —12.21]
Aperiodic 1.70 (0.30) 1.79 (0.28) 0.04 [0.01, 0.18]
exponents
Mean RT (ms) 644.63 684.42 0.09 [-5.78,
(137.45) (165.98) 85.35]
SDRT (ms) 211.97 167.18 < [-66.69,
(87.65) (58.59) 0.001 —22.90]
Drift rate 3.15 (0.73) 3.76 (0.82) < [0.37, 0.84]
0.001
Boundary 1.55 (0.29) 1.60 (0.28) 0.21 [-0.03, 0.14]
separation
Non-decision time 0.39 (0.11) 0.44 (0.13) < 0.01 [0.02, 0.09]

Note. RT = reaction time. SDRT = standard deviation of reaction time.

# Three children who no longer met ADHD criteria at the EEG visit were
nonetheless prescribed stimulant medications. They were retained for primary
analyses because detailed independent review by the diagnostic team describe in
methods confirmed the lack of diagnosis.

b Total symptom counts reflect combined scores from parents (K-SADS) and
teachers (ADHD-RS) report using an “OR” algorithm.

¢ Conners’ ADHD rating scale (Conners, 2003). Int = Inattention, Hyp-Imp=
Hyperactivity-impulsivity.

variables of interest are presented in Table 2. Aperiodic exponents were
associated with boundary separation (r = .16, p = .04). None of the other
variables were significantly correlated with aperiodic exponents (ps >
.15).

3.3. Primary analyses

Adolescents with ADHD had smaller exponents relative to the control
group (f = —.16, t(175) = —2.08, p = .04), indicative of a flattened PSD
(Fig. 1F). Power spectral densities for each condition by ADHD status (in
log-log and semi-log) are presented in Fig. 1G-J. Exponents did not
differ by stimulant medication history, t(172) = 0.41, p = .68.

Regression analyses showed that, controlling for ADHD status, ex-
ponents were positively associated with SDRT (8 = .16, p = .03), indi-
cating that less intraindividual variability was related to a flattened PSD.
Exponents were also associated with drift rate (f = —.15, p = .03); faster
drift rate was related to a flattened PSD. These effects are plotted by
diagnostic category in Fig. 2. Exponents were marginally associated with
boundary separation (f = .15, p = .07). Exponents did not predict mean
RT (p = .05, p = .54) or non-decision time (f = .03, p = .67). There was
no significant interaction between ADHD status and aperiodic exponents
on any of the reaction time or drift difusion parameters (ps > .51). Re-
sults remained the same when adolescent sex was included in the model.

Finally, results were similar when accounting for missingness via
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MICE (van Buuren & Groothuis-Oudshoorn, 2011). Adolescents with
ADHD had smaller exponents relative to the control group, t(170.59) =
—1.95, p = .05). Controlling for ADHD status, exponents were signifi-
cantly associated with SDRT (p = .03) and drift rate (p = .04). Exponents
were marginally associated with boundary separation (p = .06), and did
not predict mean RT (p = .46) or non-decision time (p = .67). Posthoc
analyses showed that results were similar when the 17 adolescents in the
ADHD group at Year 1 who transitioned to the control group were
excluded from the primary analyses (see Supplement).

3.4. Pre-registered analyses

It is worth noting that the current analyses were inspired by a pre-
registered study submitted to Open Science Framework in October, 2018
(osf.io/vwtqn). Due to rapid developments in research on the aperiodic
exponent (Donoghue et al., 2020a), the original method for calculating
the exponent, as well as related aspects of the analysis plan, were no
longer considered best practice. We therefore updated the analysis plan
to what is described above. For transparency, we have included findings
from analyses as described in original preregistration in the Supplement.
Of note, when estimated as a linear regression coefficient estimated from
2—-25 Hz (with 5-9 Hz activity removed) for each participant, the
exponent was associated with adolescent age (r = .36, p < .001) and
reaction time variability (f = .15, p = .04), but not ADHD (§ = —.001, p
=.99) or any of the other reaction time parameters (ps > .08).

4. Discussion

Efficient information processing facilitates cognition and may be
disrupted in multiple neurodevelopmental disorders, including ADHD.
Computational cognitive models point to inefficient information pro-
cessing as a key driver of cognitive impairments in ADHD (Karalunas
et al.,, 2014, 2012a; Weigard et al., 2018). Our results highlight the
clinical utility of the aperiodic exponent as a neural correlate of ADHD
and disrupted information processing in adolescence. We further recent
work aimed at understanding the neural mechanism underpinning
ADHD, while introducing several new questions about how to interpret
the functional significance of this relationship.

ADHD is believed to be characterized by inefficient information
processing that contributes to cognitive impairments for some children
with the disorder (Karalunas et al., 2014; Kofler et al., 2013; Tamm
et al.,, 2012). Emerging evidence implicates an imbalance of cortical
excitation and inhibition as one neural correlate (and possible mecha-
nism) of cognitive impairment in specific psychiatric disorders (e.g.,
schizophrenia; Peterson et al., 2017). Our findings contribute to this
burgeoning literature, linking a noninvasive index of the E/I balance
(Gao et al., 2017) to ADHD in adolescence. Consistent with our hy-
pothesis, adolescents with ADHD had smaller exponents (flatter PSD)
relative to their typically-developing peers, which may reflect abnormal
E/I balance in developing cortical circuitry. Our findings are consistent
with clinical and animal models of ADHD, which have shown altered
GABAergic and glutamatergic activity in this population (Edden et al.,
2012; Hammerness et al., 2012; Zimmerman et al., 2015), potential
indicators of E/I imbalance in cortical circuitry.

This is the first study, to our knowledge, to examine aperiodic ac-
tivity parameterized via FOOOF in adolescents with ADHD. Our findings
partially align with prior work that identified a flatter PSD in older
children (mean age 9.9 years) during cognitive performance (Perter-
mann et al., 2019). However, Pertermann et al. (2019) relied on a
method for quantifying the aperiodic signal that within the current
sample yielded divergent results in comparison to FOOOF. Using
FOOOF, Robertson et al. (2019) found steeper PSD in young (mean age
= 5.75 years), medication-naive children with ADHD, the opposite
pattern observed here and in other studies (Pertermann et al., 2019).
Aligning results across development and method is a crucial next step to
reconcile the inconsistent findings reported in this emerging literature.
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Fig. 1. Distribution and group comparison of mean reaction time (A), reaction time variability (B), drift rate (C), boundary separation (D), non-decision time (E),
and aperiodic exponents (F). Power spectral densities for eyes closed (G, I) and eyes open (H, J) in semi-log (G, H) and log-log (I, J) space averaged across adolescents
in the ADHD (orange) and control (blue) groups. FOOOF (Donoghue et al., 2020a) removes periodic (putative oscillations) activity that rise above the aperiodic
component of the neural signal, disentangling power spectral features that are thought to have distinct physiological mechanisms. We did not expect a knee in the
PSD across the examined frequency range, nor did we observe one when visually inspecting each individual PSD after spectral parameterization via FOOOF. On
average, we did observe an alpha “bump” around ~10 Hz as well as a smaller beta “bump” around ~20 Hz, each of which is more prominent in the eyes closed (I)

relative to eyes open (J) condition, as would be expected.

Table 2
Correlation table.
1 2, 3 4. S5 6.
1. Aperiodic —
exponents
2. Age (years) -1 —
3. Mean RT .06 -.09 —
4. SDRT 11 -.30 .46 —
5. Drift rate -.10 297 .07 —-.57 —

6. Boundary .16* -.12 .56 .07 —
separation e
7. Non-decision time .06 .05

.20

Note. RT variability data (SDRT) were natural log transformed for all analyses.
RT = reaction time. SDRT = standard deviation of reaction time.
" p<.05.

" p<.0L

p < .001.

Using a SSM approach to model cognitive performance, we
confirmed that adolescents with ADHD had more variable response time
and slower drift rates. These results conform to prior SSM findings in
ADHD and to findings in this same sample at younger ages (Karalunas
et al., 2012a; Karalunas and Huang-Pollack, 2013). Researchers have

speculated that within-person, moment-to-moment fluctuations in per-
formance, captured by the SDRT and drift rate parameters, reflect
inefficient information processing (Karalunas et al., 2014; Karalunas and
Huang-Pollock, 2013). Contrary to our hypotheses, we found that, when
controlling for ADHD status, adolescents who had smaller exponents
exhibited less reaction time variability, suggesting less variability in
performance. This effect was mirrored in the SSM parameters, with a
smaller exponent being related to faster drift rate, a well-validated in-
dicator of efficient information processing that is thought to directly
relate to higher signal-to-noise ratios in circuits underlying
decision-making (Ratcliff et al., 2003, 2009).

These discrepant findings may speak to a U-shaped relationship be-
tween aperiodic activity and performance. It is possible that any
imbalance in excitatory/inhibitory inputs may contribute to non-
optimal performance, regardless of the direction of effect (Voytek and
Knight, 2015). Thus, after removing the association between ADHD and
the aperiodic exponent, deviations in either direction would be prob-
lematic. This would be consistent with theory suggesting a U-shaped
relationship between aperiodic activity and psychiatric disorder spe-
cifically (Voytek and Knight, 2015) and brain-behavior relationships
more broadly (Northoff and Tumati, 2019). Additional research with
clinical populations is critically necessary to determine whether (and
how) aperiodic activity relates to specific cognitive dysfunctions that
contribute to psychopathology risk. Future research might also consider
examining whether homogenous can be identified based on aperiodic
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Fig. 2. Associations between aperiodic exponents and (A) reaction time variability and (B) drift rate for adolescents in the ADHD (orange) and control (blue) groups.

(as well as periodic) power spectral features to improve clinical pre-
diction (Karalunas et al., 2014).

Converging evidence indicates that the aperiodic exponent is a
physiologically distinct component that coexists with periodic activity
(putative oscillations) in neural signals and may underpin a range of
cognitive and behavioral states (e.g., Gonzalez-Villar et al., 2017; He
et al., 2020; Peterson et al., 2017; Podvalny et al., 2015; Schaworonkow
and Voytek, 2020; Tran et al., 2020). To this end, it has recently been
argued that band ratio measures (e.g., theta/beta ratio) that are preva-
lent in pediatric ADHD research may be conflated by aperiodic activity
(Donoghue et al., 2020b). Rather than indicating correlated change
between frequency bands, as has been previously claimed, Voytek and
colleagues proposed that concomitant age-related shifts in the distri-
bution of spectral power reflects a single, unified “rotation” in the
aperiodic (1/f-like) component of the signal (Donoghue et al., 2020a;
Voytek and Knight, 2015). Our findings suggest that the historical
emphasis on oscillatory dynamics in understanding cognitive impair-
ment of neurodevelopmental disorders is too limited. Studies that
simultaneously consider periodic and aperiodic changes will be critical
for clarifying neural mechanisms of these impairments.

4.1. Limitations

A major unresolved limitation is that results using two different
approaches for characterizing aperiodic activity do not align. The hy-
potheses tested here were part of a study that was preregistered in late
2018. At the time, a regression-based method for calculating the
aperiodic exponent was common in the published literature (e.g., Dave
et al., 2018; Voytek et al., 2015). When using that method to estimate
the slope of the EEG power spectrum in this sample, we did not see an
association with ADHD or SSM parameters, but did see an association
with age that was not present when using FOOOF (see Supplement).
Donoghue and colleagues (2020a) have since argued that the
regression-based calculation method may be susceptible to periodic
oscillatory activity. Instead, they emphasize the importance of param-
eterizing spectral features of the PSD via an iterative fitting process. We
believe that the regression-based power spectral slope estimates may
have been biased by individual differences in periodic activity (e.g.,
beta; see Fig. 11-J). FOOOF and the regression-based method differ
based on how periodic activity is removed, either by canonical fre-
quency bands or via a person-centered approach, respectively. With this
in mind, we shifted away from the preregistered analysis plan to align
with evolving best practices in this area of research. Direct comparison

of these approaches is beyond the scope of this paper, but will be
important for future work aimed at integrating results from this rapidly
developing area of research.

Another limitation of this study was that we calculated the aperiodic
exponent at rest rather than in response to stimuli. It is well-accepted
that organization and functional characteristics of the brain at rest are
one important piece of understanding brain-behavior relationships
(Arieli et al., 1996; Cao et al., 2017; Deco et al., 2011; Fox et al., 2007;
Grayson and Fair, 2017; Wang et al., 2016). Indeed, the approach of
relating resting-state brain dynamics to task performance has often been
applied to clinical research (Rogala et al., 2020; Szostakiwskyi et al.,
2017; van Dongen-Boomsma et al., 2010v) and other studies have used
this design in studying the associations of the aperiodic exponent to
cognitive performance (Robertson et al., 2019). However, other studies
record during cognitive tasks (Dave et al., 2018; Pertermann et al.,
2019). Dave and colleagues (2018) found that exponents (estimated as
EEG power spectrum slopes) were highly stable across cognitive tasks,
lending support for their role as a signature of the brain’s intrinsic ar-
chitecture. Nevertheless, additional research is needed to determine the
relationship between slopes measured at rest and during active tasks.
Establishing a resting state index of disrupted information processing
would afford developmental cognitive neuroscientists new opportu-
nities to assess dynamic neural communication in populations for whom
recording evoked activity can be challenging, such as infants.

Lastly, adolescents in our sample either had ADHD or had minimal
(or no) symptoms. While an extreme group design provides insight into
differences in a clinical disorder, it fails to capture the full range of
childhood attention and hyperactivity-impulsivity. Further investiga-
tion into the functional significance of the aperiodic exponent with both
normative and clinical samples across the lifespan is needed.

5. Conclusions

Efficient information processing is a critical function of the devel-
oping brain and may be disrupted in a variety of neurodevelopmental
conditions, including ADHD. Nonetheless, neural mechanisms of
cognitive impairment remain underspecified. EEG studies have tradi-
tionally focused on group differences in oscillatory dynamics, but recent
work confirms the importance of aperiodic activity of neural power
spectra as a potential confound leading to misinterpretation of oscilla-
tory results (Donoghue et al., 2020b). Our study represents the largest
investigation into the behavioral and cognitive correlates of the aperi-
odic exponent in children with ADHD to-date. Findings that the
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aperiodic exponent, an index of cortical excitatory/inhibitory imbal-
ance, is related to ADHD and cognitive impairments highlights the
importance of this neural signature across development. Results un-
derscore the need for additional work that considers both periodic and
aperiodic activity to understand the neural mechanisms underlying
cognitive dysfunctions in ADHD.

Data statement

All relevant data are within the paper and its Supporting Information
files.

Funding

This work was supported by the National Institute of Mental Health
R37 MH59105 (PI: Nigg) and K23 MH108656 (PI: Karalunas).

Acknowledgements

The authors would like to thank the families that participated in this
study as well as the dedicated research staff who helped with data
collection. The authors have no conflicts of interest to report.

Appendix A. Supplementary data

Supplementary material related to this article can be found, in the
online version, at doi:https://doi.org/10.1016/j.den.2021.100931.

References

Alperin, B.R., Gustafsson, H., Smith, C., Karalunas, S.L., 2017. The relationship between
early and late event-related potentials and temperament in adolescents with and
without ADHD. PLoS One 12, e0180627. https://doi.org/10.1371/journal.
pone.0180627.

Arieli, A., Sterkin, A., Grinvald, A., Aertsen, A.D., 1996. Dynamics of ongoing activity:
explanation of the large variability in evoked cortical responses. Science 273,
1868-1871.

Barry, R.J., Clarke, A.R., Johnstone, S.J., McCarthy, R., Selikowitz, M., 2009.
Electroencephalogram theta/beta ratio and arousal in attention-deficit/
hyperactivity disorder: evidence of independent processes. Biol. Psychiatry 66,
398-401. https://doi.org/10.1016/j.biopsych.2009.04.027.

Bellgrove, M.A., Hester, R., Garavan, H., 2004. The functional neuroanatomical
correlates of response variability: evidence from a response inhibition task.
Neuropsychologia 42, 1910-1916. https://doi.org/10.1016/j.
neuropsychologia.2004.05.007.

Cao, M., Haung, H., He, Y., 2017. Developmental connectomics from infancy through
early childhood. Trends Neurosci. 40, 494-506. https://doi.org/10.1016/j.
tins.2017.06.003.

Conners, C.K., 2003. Conners’ Rating Scales-Revised CRS-R; Technical Manual, Parent
Rating Scale, Wells’ Adolescent Self-Report. Multi-Health Systems, New York, NY.

Dave, S., Brothers, T.A., Swaab, T.Y., 2018. 1/f neural noise and electrophysiological
indices of contextual prediction in aging. Brain Res. 1691, 34-43. https://doi.org/
10.1016/j.brainres.2018.04.007.

Deco, G., Jirsa, V.K., McIntosh, A.R., 2011. Emerging concepts for the dynamical
organization of resting-state activity in the brain. Nat. Rev. Neurosci. 12, 43-56.

Delorme, A., Makeig, S., 2004. EEGLAB: an open source toolbox for analysis of single-
trial EEG dynamics including independent component analysis. J. Neurosci. Methods
134, 9-21. https://doi.org/10.1016/j.jneumeth.2003.10.009.

Dinstein, I., Heeger, D.J., Lorenzi, L., Minshew, N.J., Malach, R., Behrmann, M., 2012.
Unreliable evoked responses in Autism. Neuron 75, 981-991. https://doi.org/
10.1016/j.neuron.2012.07.026.

Donoghue, T., Haller, M., Peterson, E.J., Varma, P., Sebastian, P., Gao, R., et al., 2020a.
Parameterizing neural power spectra into periodic and aperiodic components. Nat.
Neurosci. 23, 1655-1665. https://doi.org/10.1038/s41593-020-00744-x.

Donoghue, T., Dominguez, J., Voytek, B., 2020b. Electrophysiological frequency band
ratio measures conflate periodic and aperiodic neural activity. BioRxiv.

Edden, R.A., Crocetti, D., Zhu, H., Gilbert, D.L., Mostofsky, S.H., 2012. Reduced GABA
concentration in attention-deficit/hyperactivity disorder. Arch. Gen. Psychiatry 69,
750-753. https://doi.org/10.1001/archgenpsychiatry.2011.2280.

Fair, D., Bathula, D., Nikolas, M., Nigg, J.T., 2012. Distinct neuropsychological
subgroups in typically developing youth inform heterogeneity in children with
ADHD. Proc. Natl. Acad. Sci. U. S. A. https://doi.org/10.1073/pnas.1115365109.

Fox, M.D., Snyder, A.Z., Vincent, J.L., Raichle, M.E., 2007. Intrinsic fluctuations within
cortical systems account for intertrial variability in human behavior. Neuron 56,
171-184. https://doi.org/10.1016/j.neuorn.2007.08.023.

Developmental Cognitive Neuroscience 48 (2021) 100931

Gao, R., Peterson, E.J., Voytek, B., 2017. Inferring synaptic excitation/inhibition balance
from field potentials. Neurolmage 158, 70-78. https://doi.org/10.1016/j.
neuroimage.2017.06.078.

Gonzalez-Villar, A.J., Samartin-Veiga, N., Carrillo-de-la-Pena, M.T., 2017. Increased
neural noise and impaired brain synchronization in fibromyalgia patients during
cognitive interference. Nat.: Sci, Rep 7, 1-12. https://doi.org/10.1038/541598-017-
06103-4.

Grayson, D.S., Fair, D.A., 2017. Development of large-scale functional networks from
birth to adulthood: A guide to the neuroimaging literature. Neurolmage 160, 15-31.
https://doi.org/10.1016/j.neuroimage.2017.01.079.

Groom, M.J., Cahill, J.D., Bates, A.T., Jackson, G.M., Calton, T.G., Liddle, P.F., Hollis, C.,
2010. Electrophysiological indices of abnormal error-processing in adolescents with
attention deficit hyperactivity disorder (ADHD). J. Child Psychol. Psychiatry 51,
66-76. https://doi.org/10.1111/j.1469-7610.200902128.x.

Hammerness, P., Biederman, J., Petty, C., Henin, A., Moore, C.M., 2012. Brain
biochemical effects of methylphenidate treatment using proton magnetic
spectroscopy in youth with attention-deficit hyperactivity disorder: a controlled pilot
study. CNS Neurosci. Ther. 18, 34-40. https://doi.org/10.1111/j. 1755-
5949.2010.00226.x.

He, W., Donoghue, T., Sowman, P.F., Seymour, R.A., Brock, J., 2020. Co-increasing
neuronal noise and beta power in the developing brain. BioRxiv. https://doi.org/
10.1101/839258.

Huang-Pollock, C.L., Karalunas, S.L., Tam, H., Moore, A.N., 2012. Evaluating vigilance
deficits in ADHD: a meta-analysis of CPT performance. J. Abnorm. Psychol. 121 (2),
360-371. https://doi.org/10.1037/a0027205.

Karalunas, S.L., Huang-Pollock, C.L., 2013. Integrating impairments in reaction time and
executive function using a diffusion model framework. J. Abnorm. Child Psychol. 41,
837-850. https://doi.org/10.1007/510802-013-9715-2.

Karalunas, S.L., Huang-Pollack, C.L., Nigg, J.T., 2012a. Decomposing attention-deficit/
hyperactivity disorder (ADHD)-related effects in response speed and variability.
Neuropsychology 26, 684-694. https://doi.org/10.1037/a0029936.

Karalunas, S.L., Huang-Pollock, C.L., Nigg, J.T., 2012b. Is reaction time variability in
ADHD mainly at low frequencies? J. Clin. Child Psychol. 54, 536-544.

Kanai, Ryota, Rees, Geraint, 2011. The structural basis of interindividual differences in
human behaviour and cognition. Nat. Neurosci. Rev. 12, 231-242. https://doi.org/
10.1038/nrn3000.

Karalunas, S.L., Geurts, H.M., Konrad, K., Bender, S., Nigg, J.T., 2014. Reaction time
variability in ADHD and autism spectrum disorder: measurement and mechanisms of
a proposed trans-diagnostic phenotype. J. Child Psychol. Psychiatry 55, 685-710.
https://doi.org/10.1111/jcpp.12217.

Karalunas, S.L., Hawkey, E., Gustafsson, H., Miller, M., Langhorst, M., Cordova, M., et al.,
2018. Overlapping and distinct cognitive impairments in attention-deficit/
hyperactivity and autism spectrum disorder without intellectual disability.

J. Abnorm. Child Psychol. 46, 1705-1716.

Killeen, P.R., Russell, V.A., Sergeant, J.A., 2013. A behavioral neuroenergetics theory of
ADHD. Neurosci. Biobehav. Rev. 37, 625-657.

Kofler, M.J., Rapport, M.D., Sarver, D.E., Raiker, J.S., Orban, S.A., Friedman, L.M.,
Kolomeyer, E.G., 2013. Reaction time variability in ADHD: a meta-analytic review of
319 studies. Clin. Psychol. Rev. 33, 795-811. https://doi.org/10.1016/j.
cpr.2013.06.001.

Logan, G.D., 1994. On the ability to inhibit thought and action: a users’ guide to the stop
signal paradigm. In: Dagenbach, D., Carr, T.H. (Eds.), Inhibitory Processes in
Attention, Memory, and Language. Academic Press, San Diego, CA, US, pp. 189-239.

Logan, G.D., Schachar, R.J., Tannock, R., 1997. Impulsivity and inhibitory control.
Psychol. Sci. 8, 60-64. https://doi.org/10.1111/j.1467-9280.1997.tb00545.x.

Loo, S.K., Cho, A., Hale, T.S., McGough, J., McCracken, J., Smalley, S.L., 2013.
Characterization of the theta to beta ratio in ADHD: identifying potential sources of
heterogeneity. J. Atten. Disord. 17, 384-392. https://doi.org/10.1177/
1087054712468050.

Lopez-Calderon, J., Luck, S.J., 2014. ERPLAB: an open-source toolbox for the analysis of
event related potentials. Front. Hum. Neurosci. 8, 1-14. https://doi.org/10.3389/
fnhum.2014.00213.

Martinussen, R., Hayden, J., Hogg-Johnson, S., Tannock, R., 2005. A meta-analysis of
working memory impairments in children with attention-deficit/hyperactivity
disorder. J. Am. Acad. Child Adolesc. Psychiatry 44, 377-384.

McLoughlin, G., Palmer, J.A., Rijsdijk, F., Makeig, S., 2014. Genetic overlap between
evoked frontocentral theta-band phase variability, reaction time variability, and
attention-deficit/hyperactivity disorder symptoms in a twin study. Biol. Psychiatry
75, 238-247. https://doi.org/10.1016/j.biopsych.2013.07.020.

Miller, K.J., Sorensen, L.B., Ojemann, J.G., den Nijs, M., 2009. Power-law scaling in the
brain surface electrical potential. PLoS Comput. Biol. 5, 10000609 https://doi.org/
10.1371/journal.pcbi.10000609.

Milne, E., 2011. Increased intra-participant variability in children with autistic spectrum
disorders: evidence from single-trial analysis of evoked EEG. Front. Psychol. 2, 51.
https://doi.org/10.3389/fpsyg.2011.00051.

Nigg, J.T., 1999. The ADHD response-inhibition deficit as measured by the stop task:
replication with DSM-IV combined type, extension, and qualification. J. Abnorm.
Child Psychol. 27, 393-402.

Nigg, J., 2005. Neuropsychologic theory and findings in Attention-Deficit/Hyperactivity
Disorder: the state of the field and salient challenges for the coming decade. Biol.
Psychiatry 57, 1424-1435.

Nikolas, M.A., Nigg, J.T., 2013. Neuropsychological performance and attention-deficit
hyperactivity disorder subtypes and symptom dimensions. Neuropsychology 27,
107.

Northoff, G., Tumati, S., 2019. “Average is good, extremes are bad” — non-linear inverted
U-shaped relationship between neural mechanisms and functionality of mental


https://doi.org/10.1016/j.dcn.2021.100931
https://doi.org/10.1371/journal.pone.0180627
https://doi.org/10.1371/journal.pone.0180627
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0010
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0010
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0010
https://doi.org/10.1016/j.biopsych.2009.04.027
https://doi.org/10.1016/j.neuropsychologia.2004.05.007
https://doi.org/10.1016/j.neuropsychologia.2004.05.007
https://doi.org/10.1016/j.tins.2017.06.003
https://doi.org/10.1016/j.tins.2017.06.003
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0030
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0030
https://doi.org/10.1016/j.brainres.2018.04.007
https://doi.org/10.1016/j.brainres.2018.04.007
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0040
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0040
https://doi.org/10.1016/j.jneumeth.2003.10.009
https://doi.org/10.1016/j.neuron.2012.07.026
https://doi.org/10.1016/j.neuron.2012.07.026
https://doi.org/10.1038/s41593-020-00744-x
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0060
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0060
https://doi.org/10.1001/archgenpsychiatry.2011.2280
https://doi.org/10.1073/pnas.1115365109
https://doi.org/10.1016/j.neuorn.2007.08.023
https://doi.org/10.1016/j.neuroimage.2017.06.078
https://doi.org/10.1016/j.neuroimage.2017.06.078
https://doi.org/10.1038/s41598-017-06103-4
https://doi.org/10.1038/s41598-017-06103-4
https://doi.org/10.1016/j.neuroimage.2017.01.079
https://doi.org/10.1111/j.1469-7610.200902128.x
https://doi.org/10.1111/j. 1755-5949.2010.00226.x
https://doi.org/10.1111/j. 1755-5949.2010.00226.x
https://doi.org/10.1101/839258
https://doi.org/10.1101/839258
https://doi.org/10.1037/a0027205
https://doi.org/10.1007/s10802-013-9715-2
https://doi.org/10.1037/a0029936
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0125
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0125
https://doi.org/10.1038/nrn3000
https://doi.org/10.1038/nrn3000
https://doi.org/10.1111/jcpp.12217
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0140
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0140
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0140
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0140
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0145
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0145
https://doi.org/10.1016/j.cpr.2013.06.001
https://doi.org/10.1016/j.cpr.2013.06.001
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0155
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0155
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0155
https://doi.org/10.1111/j.1467-9280.1997.tb00545.x
https://doi.org/10.1177/1087054712468050
https://doi.org/10.1177/1087054712468050
https://doi.org/10.3389/fnhum.2014.00213
https://doi.org/10.3389/fnhum.2014.00213
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0175
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0175
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0175
https://doi.org/10.1016/j.biopsych.2013.07.020
https://doi.org/10.1371/journal.pcbi.10000609
https://doi.org/10.1371/journal.pcbi.10000609
https://doi.org/10.3389/fpsyg.2011.00051
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0195
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0195
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0195
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0200
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0200
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0200
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0205
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0205
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0205

B.D. Ostlund et al.

features. Neurosci. Biobehav. Rev. 104, 11-25. https://doi.org/10.1016/j.
neubiorev.2019.06.030.

Pelham, W.E., Fabiano, G.A., Massetti, G.M., 2005. Evidence-based assessment of
attention deficit hyperactivity disorder in children and adolescents. J. Clin. Child
Adolesc. Psychol. 34, 449-476. https://doi.org/10.1207/515374424jccp3403_5.

Pertermann, M., Bluschke, A., Roessner, V., Beste, C., 2019. The modulation of neural
noise underlies the effectiveness of methylphenidate treatment in attention-deficit/
hyperactivity disorder. Biol. Psychiatry Cogn. Neurosci. Neuroimaging 4, 743-750.
https://doi.org/10.1016/j.bpsc.2019.03.011.

Peterson, E.J., Rosen, B.Q., Campbell, A.M., Belger, A., Voytek, B., 2017. 1/f neural noise
is a better predictor of schizophrenia than neural oscillations. bioRxiv. https://doi.
0rg/10.1101/113449.

Podvalny, E., Noy, N., Harel, S., Bickel, S., Chechik, G., Schroeder, C.E., et al., 2015.

A unifying principle underlying the extracellular field potential spectral response in
the human brain. J. Neurophysiol. 114, 505-519. https://doi.org/10.1152/
jn.00943.2014.

R Core Team, 2018. R: a Language and Environment for Statistical Computing. URL. R
Foundation for Statistical Computing, Vienna, Austria. https://R-project.org/.

Ramtekkar, U.P., Reiersen, A.M., Todorov, A.A., Todd, R.D., 2010. Sex and age
differences in attention-deficit/hyperactivity disorder symptoms and diagnoses:
implications for DSM-V and ICD-11. J. Am. Acad. Child Adolesc. Psychiatry 49,
217-228.

Ratcliff, R., 2006. Modeling response signal and response time data. Cogn. Psychol. 53,
195-237. https://doi.org/10.1037/0033-2909.116.2.220.1994-43838-00110.1037.

Ratcliff, R., Cherian, A., Segraves, M., 2003. A comparison of macaque behavior and
superior colliculus neuronal activity to predictions from models of two-choice
decisions. J. Neurophysiol. 90, 1392-1407. https://doi.org/10.1126/
science.284.5417.1158.

Ratcliff, R., Philiastides, M.G., Sajda, P., 2009. Quality of evidence for perceptual
decision making is indexed by trial-to-trial variability of the EEG. Proc. Natl. Acad.
Sci. 106, 6539-6544. https://doi.org/10.1073/pnas.0812589106.

Ratcliff, R., Rouder, J.N., 1998. Modeling response times for two-choice decisions.
Psychol. Sci. 9, 347-356.

Robertson, M.M., Furlong, S., Voytek, B., Donoghue, T., Boettiger, C.A., Sheridan, M.A.,
2019. EEG power spectral slope differs by ADHD status and stimulant medication
exposure in early childhood. J. Neurophysiol. https://doi.org/10.1152/
jn.00388.2019.

Rogala, J., Kublik, E., Krauz, R., Wrobel, A., 2020. Resting-state EEG activity predicts
frontoparietal network reconfiguration and improved attentional performance. Sci.
Rep. 10, 1-15.

Schaworonkow, N., Voytek, B., 2020. Longitudinal changes in aperiodic and periodic
activity in electrophysiological recordings in the first seven months of life. BioRxiv.

Simmonds, D.J., Pekar, J.J., Mostofsky, S.H., 2007. Meta-analysis of Go/NoGo tasks
demonstrating that fMRI activation associated with response inhibition is task-
dependent. Neuropsychologia 46, 224-232. https://doi.org/10.1016/j.
neuropsychologia.2007.07.015.

Sonuga-Barke, E.J.S., Castellanos, F.X., 2007. Spontaneous attentional fluctuations in
impaired states and pathological conditions: a neurobiological hypothesis. Neurosci.
Biobehav. Rev. 31, 977-986. https://doi.org/10.1016/j.neurbio.rev.2007.02.005.

Developmental Cognitive Neuroscience 48 (2021) 100931

Szostakiwskyi, J.M., Willatt, S.E., Cortese, F., Protzner, A.B., 2017. The modulation of
EEG variability between internally-and externally-driven cognitive states varies with
maturation and task performance. PLoS One 12, e0181894.

Tamm, L., Narad, M.E., Antonini, T.N., O'Brien, K.M., Hawk, L.W., Epstein, J.N., 2012.
Reaction time variability in ADHD: a review. Neurotherapies 9, 500-508. https://
doi.org/10.1007/s13311-012-0138-5.

Tran, T.T., Rolle, C.E., Gazzaley, A., Voytek, B., 2020. Linked sources of neural noise
contribute to age-related cognitive decline. J. Cogn. Neurosci. https://doi.org/
10.1162/jocn_a_01584.

van Buuren, Stef, Groothuis-Oudshoorn, Karin, 2011. mice: Multivariate imputation by
chained equations in R. J. Stat. Software 45, 1-67. https://www.jstatsoft.org
/v45/i03/.

van Dongen-Boomsma, M., Lansbergen, M.M., Bekker, E.M., Kooij, J.S., van der
Molen, M., Kenemans, J.L., Buitelaar, J.K., 2010v. Relation between resting EEG to
cognitive performance and clinical symptoms in adults with attention-deficit/
hyperactivity disorder. Neurosci. Lett. 469, 102-106.

Vandekerckhove, J., Tuerlinckx, F., 2007. Fitting the Ratcliff diffusion model to
experimental data. Psychon. Bull. Rev. 14, 1011-1026.

Verbruggen, F., Logan, G.D., 2009. Proactive adjustments of response strategies in the
stop-signal paradigm. J. Exp. Psychol. Hum. Percept. Perform. 35, 835-854.

Voss, A., Voss, J., 2007. Fast-dm: a free program for efficient diffusion model analysis.
Behav. Res. Methods 39, 767-775.

Voytek, B., Knight, T., 2015. Dynamic network communication as a unifying neural basis
for cognition, development, aging, and disease. Biol. Psychiatry 77, 1089-1097.
https://doi.org/10.1016/j.biopsych.2015.04.016.

Voytek, B., Kramer, M.A., Case, J., Lepage, K.Q., Tempesta, Z.R., Knight, R.T.,
Gazzaley, A., 2015. Age-related changes in 1/f neural electrophysiological noise.
J. Neurosci. 35, 13257-13265. https://doi.org/10.1523/JNEUROSCI.2332-14.2015.

Wang, H., McIntosh, A.R., Kovacevic, N., Karachalios, M., Protzner, A.B., 2016. Age-
related multiscale changes in brain signal variability in pre-task versus post-task
resting-state EEG. J. Cogn. Neurosci. 28, 971-984.

Weigard, A., Huang-Pollock, C., Brown, S., 2016. Evaluating the consequences of
impaired monitoring of learned behavior in ADHD using a Bayesian hierarchical
model of choice response time. Neuropsychology 30, 502-515. https://doi.org/
10.1037/neu0000257.

Weigard, A., Huang-Pollock, C., Brown, S., Heathcote, A., 2018. Testing formal
predictions of neuroscientific theories of ADHD with a cognitive model-based
approach. J. Abnorm. Psychol. 127, 529-539. https://doi.org/10.1037/
abn0000357.

Willeutt, E.G., Doyle, A., Nigg, J.T., Faraone, S.V., Pennington, B.F., 2005. Validity of the
executive function theory of attention-deficit/hyperactivity disorder: a meta-analytic
review. Biol. Psychiatry 57, 1336-1346. https://doi.org/10.1016/j.
biopsych.2005.02.006.

Zimmermann, A.M., Jene, T., Wolf, M., Gorlich, A., Gurniak, C.B., Sassoe- Pognetto, M.,
Witke, W., Friauf, E., Rust, M.B., 2015. Attention-deficit/hyperactivity disorder-like
phenotype in a mouse model with impaired actin dynamics. Biol. Psychiatry 78,
95-106. https://doi.org/10.1016/j.biopsych.2014.03.011.


https://doi.org/10.1016/j.neubiorev.2019.06.030
https://doi.org/10.1016/j.neubiorev.2019.06.030
https://doi.org/10.1207/s15374424jccp3403_5
https://doi.org/10.1016/j.bpsc.2019.03.011
https://doi.org/10.1101/113449
https://doi.org/10.1101/113449
https://doi.org/10.1152/jn.00943.2014
https://doi.org/10.1152/jn.00943.2014
https://R-project.org/
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0240
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0240
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0240
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0240
https://doi.org/10.1037/0033-2909.116.2.220.1994-43838-00110.1037
https://doi.org/10.1126/science.284.5417.1158
https://doi.org/10.1126/science.284.5417.1158
https://doi.org/10.1073/pnas.0812589106
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0260
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0260
https://doi.org/10.1152/jn.00388.2019
https://doi.org/10.1152/jn.00388.2019
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0270
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0270
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0270
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0275
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0275
https://doi.org/10.1016/j.neuropsychologia.2007.07.015
https://doi.org/10.1016/j.neuropsychologia.2007.07.015
https://doi.org/10.1016/j.neurbio.rev.2007.02.005
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0290
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0290
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0290
https://doi.org/10.1007/s13311-012-0138-5
https://doi.org/10.1007/s13311-012-0138-5
https://doi.org/10.1162/jocn_a_01584
https://doi.org/10.1162/jocn_a_01584
https://www.jstatsoft.org/v45/i03/
https://www.jstatsoft.org/v45/i03/
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0310
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0310
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0310
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0310
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0315
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0315
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0320
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0320
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0325
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0325
https://doi.org/10.1016/j.biopsych.2015.04.016
https://doi.org/10.1523/JNEUROSCI.2332-14.2015
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0340
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0340
http://refhub.elsevier.com/S1878-9293(21)00022-0/sbref0340
https://doi.org/10.1037/neu0000257
https://doi.org/10.1037/neu0000257
https://doi.org/10.1037/abn0000357
https://doi.org/10.1037/abn0000357
https://doi.org/10.1016/j.biopsych.2005.02.006
https://doi.org/10.1016/j.biopsych.2005.02.006
https://doi.org/10.1016/j.biopsych.2014.03.011

	Behavioral and cognitive correlates of the aperiodic (1/f-like) exponent of the EEG power spectrum in adolescents with and  ...
	1 Introduction
	2 Materials and methods
	2.1 Participants
	2.1.1 Baseline diagnostic assessment
	2.1.2 Diagnostic assessment at year of EEG recording

	2.2 Measures
	2.2.1 EEG data collection and preprocessing
	2.2.2 Aperiodic exponent
	2.2.3 Reaction time and drift-diffusion parameters

	2.3 Analytic plan

	3 Results
	3.1 Sample description
	3.2 Preliminary analyses
	3.3 Primary analyses
	3.4 Pre-registered analyses

	4 Discussion
	4.1 Limitations

	5 Conclusions
	Data statement
	Funding
	Acknowledgements
	Appendix A Supplementary data
	References


