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In the human brain, the alpha rhythm in occipital cortex and the mu rhythm in
sensorimotor cortex are among the most prominent rhythms, with both rhythms
functionally implicated in gating modality-specific information. Separation of these
rhythms is non-trivial due to the spatial mixing of these oscillations in sensor space.
Using a computationally efficient processing pipeline requiring no manual data clean-
ing, we isolated alpha and/or mu rhythms from electroencephalography recordings
performed on 1605 children aged 5-18. Using the extracted time series for each
rhythm, we characterized the waveform shape on a cycle-by-cycle basis and examined
whether and how the waveform shape differs across development. We demonstrate
that alpha and mu rhythms both exhibit nonsinusoidal waveform shape that changes
significantly across development, in addition to the known large changes in oscillatory
frequency. This dataset also provided an opportunity to assess oscillatory measures for
attention-deficit hyperactivity disorder (ADHD) and autism spectrum disorder (ASD).
We found no differences in the resting-state features of these alpha-band rhythms
for either ADHD or ASD in comparison to typically developing participants in this
dataset. While waveform shape is ignored by traditional Fourier spectral analyses,
these nonsinusoidal properties may be informative for building more constrained
generative models for different types of alpha-band rhythms, yielding more specific
insight into their generation.

1 Introduction

2 Rhythms in the alpha band (8—13 Hz) are the most prominent rhythms in the human brain
s+ (Klimesch, 2012). The occipital alpha rhythm is most noticeable during wakeful periods when
4 participants’ eyes are closed (Berger, 1929), but also changes dynamically during attentional
s tasks, decreasing in brain areas related to task-specific visual input (Kelly et al., 2006; Thut
s etal., 2006; Worden et al., 2000). By contrast, the sensorimotor mu rhythm is strongest when
7 aparticipant is not moving (Salmelin and Hari, 1994). Mu activity changes dynamically during
s motor tasks, decreasing in power in motor areas controlling moving body parts and increasing
s in power in motor areas controlling immobile body parts (Pfurtscheller and Neuper, 1994). In
w  this way, both alpha and mu rhythms are important for gating modality-specific information,
u inhibiting the processing of functionally irrelevant information.

12 These rhythms share a frequency band and display a similar change in frequency across
15 development, one of the strongest effects in the field of oscillations (Freschl et al., 2022; Lindsley,
1 1939). Despite this commonality, the rhythms show distinct waveform shape: alpha rhythms
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15 appear triangular in raw traces (Stam et al., 1999), while mu rhythms are considered to have an
16 arc-shaped waveform (HJ Gastaut and Bert, 1954; Kuhlman, 1978). The waveform shape likely
i reflects differences in the physiological properties of the underlying oscillatory generators (Cole
15 and Voytek, 2017). Computational modeling has suggested that the sharpness of oscillatory
15 peaks and troughs reflects the synchronicity of the underlying excitatory input currents
2 (Sherman et al., 2016). The waveform shape of alpha-band rhythms has been characterized in
2 EEG in sensor space (Schaworonkow and Nikulin, 2019) and MEG (Giehl and Siegel, 2024),
2 but an investigation of waveform characteristics in developmental populations is lacking. With
2 the main factor driving the prominent oscillatory frequency increase during development
2 remaining unknown, such precise characterization will help determine whether the oscillatory
2 changes are driven by gross anatomical changes or distinct modifications to the oscillatory
% generators underlying these rhythms.

2 Given the strong changes in oscillations across development and the link of waveform shape to
2 pathophysiological properties of circuits in Parkinson’s disease (Cole, van der Meij, et al., 2017),
» we were interested in whether the waveform shape of resting-state alpha and mu rhythms
% acquired in a developmental population could serve as a biomarker. Alpha-band rhythms have
u been implicated in autism spectrum disorder (ASD) and attention deficit hyperactivity disorder
» (ADHD) in terms of both their frequency and power, though the results have been inconsistent
u  (PFreschletal., 2022; Javitt et al., 2020). Our aim here is to repeat some of the typically performed
s analysis in previous literature comparing ASD and ADHD groups with participants without a
s diagnosis, with a robust sample size for frequency and amplitude measures, while also resolving
% between two different rhythm types and taking into account waveform shape.

s The aim of the current study was therefore twofold: we investigated how waveform shape
1 features of alpha and mu rhythms change both across development and neurodevelopmental
3 disorders. Our study provides four methodological advantages over existing approaches. First,
w0 we analyze the signals primarily in the time domain (Cole and Voytek, 2019), to characterize
s nonsinusoidal features of these rhythms. Second, we use a large open developmental dataset
» (ages 5-18) of high-density, resting-state electroencephalography (EEG) (Alexander et al.,
x 2017), allowing us to perform a high-powered comparison of alpha and mu rhythms across
s development. Third, we use spatio-spectral decomposition (SSD) (Nikulin, Nolte, and Curio,
s 2011), a statistical procedure using individual peak frequency information to identify different
s types of alpha-band rhythms that are mixed on the sensor level due to EEG volume conduc-
# tion. This spatial mixing distorts waveform shape, making this spatial filtering step crucial
s (Schaworonkow and Nikulin, 2022). Finally, we use template-based source localization on
s these demixed alpha-band rhythms to isolate alpha and mu rhythms from other alpha-band
so rhythms, such as parietal alpha rhythms, which are prominent in resting-state EEG but outside
i the purview of the hypotheses tested herein.

2 We found that, while both alpha and mu are nonsinusoidal, mu rhythms have a significantly
s higher peak-trough asymmetry compared to alpha. Although alpha and mu rhythms are
s+ very similar in their frequency, this confirms that these rhythms can be differentiated on a
ss  cycle-by-cycle basis using their waveform shape. Additionally, we found that both alpha and
s mu rhythms increase in frequency and amplitude across development while becoming more
s7 nonsinusoidal. We further demonstrated that the two rhythms change differentially across age.
ss  Still, accounting for the significant changes in waveform features across development, we find
s no significant difference in waveform features for ADHD or ASD in comparison to typically
« developing participants, suggesting that no sensitive biomarkers can be constructed from these
o specified features of resting-state alpha-band rhythms.
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« Materials and Methods

¢s Experimental design

s We analyzed an openly available dataset from the Healthy Brain Network project (Alexander
e etal., 2017). The Healthy Brain Network project by the Child Mind Institute is an ongoing
s initiative aiming to generate a large-scale, transdiagnostic sample for biomarker discovery
o and for investigations of the neural substrates associated with commonly occurring disorder
s« phenotypes. In the following, we give a brief summary of the experimental methods focusing
e on the resting-state EEG components of the data collection that were used in this study, with
o full details regarding all acquired data (including fMRI data) given in the original publication.

n  Participants

= Participants were recruited through advertisements that encouraged participation of families
7 who had concerns about psychiatric symptoms in their child. These advertisements were
7 distributed throughout the New York City metropolitan area. This recruitment strategy
75 was developed with the main goal of the Healthy Brain Network-generating a large-scale,
76 transdiagnostic sample-rather than the alternative of a fully representative epidemiologic design.
7 Given this recruitment strategy, we have more participants with ADHD and/or ASD compared
s to those without a diagnosis than would be expected if recruitment was random. Participants
75 completed several diagnostic assessments which were used to derive a consensus diagnosis by
s the lead clinicians, primarily based on the DSM-5-based Schedule for Affective Disorders
s and Schizophrenia - Children’s version (KSADS) psychiatric interview. As a part of the
2 HBN protocols, participants completed a battery of 80+ forms of assessment across 12 hours
s and four testing sessions with a team of certified clinicians. As such, the diagnoses (or lack
s thereof) represent thorough and comprehensive testing for these disorders. Written consent
ss was obtained from the participants’ legal guardians and written assent was obtained from the
ss  participants. Exclusion criteria for participation in the study were serious neurological disorders
or that prevented full participation in the complete study protocol (e.g. chronic epilepsy or low-
s functioning/non-verbal autism), as well as acute encephalopathy, known neurodegenerative
s disorder, existing formal diagnosis of schizophrenia, schizoaffective disorder or bipolar disorder,
o0 with a full list of exclusion criteria given in the original publication. Out of the 4245 participants
o listed in the first ten data releases, we were able to successfully download resting-state EEG
2 data for 2969 participants, as resting-state EEG data acquisition was not conducted for all
o participants. To summarize the participant exclusion criteria (with description of the specific
o analysis steps following in subsequent paragraphs): we detected an alpha-band peak in at least
o5 one occipital or central channel in 2764 participants. 6 participants did not have an alpha peak in
s any of the 10 highest-SNR SSD components. 2273 participants had at least one source localized
o7 to alpha or mu regions, 1605 of these participants had sources that met the SNR and pattern
o distance thresholds (see subsection Classifying alpha rhythms as occipital alpha and sensorimotor
s mu subsection below) and were used for subsequent analysis of waveform features. Of those,
100 1247 were male and 358 were female. This sex distribution is consistent with the dominance of
w ADHD and ASD in the dataset, which have been reported to have greater prevalence in males
w2 than females, with 3:1 and 4:1 male/female ratio in children, respectively (Danielson et al., 2018;
s Baio, 2018). Bifurcating these 1605 participants by rhythm type detected, we isolated both
w4 alpha and mu rhythms from 238 participants, only an alpha rhythm from 1200 participants, and
ws only a mu rhythm from 167 participants. The splits of these participants counts by diagnosis
ws are enumerated in Table 1. The percent retention for each pipeline step was comparable across
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wr  diagnoses.

Condition ADHD ASD No diagnosis given  Other diagnosis  Total
participant listed online 1607 (100.0%) 285 (100.0%) 334 (100.0%) 1759 (100.0%) 4245 (100.0%)
EEG resting state available 1224 (76.2%) 201 (70.5%) 263 (78.7%) 1127 (64.1%) 2969 (69.9%)
alpha-band peak detected, SSD run 1143 (71.1%) 191 (67.0%) 241 (72.2%) 1051 (59.7%) 2764 (65.1%)
peak in SSD component detected 1140 (70.9%) 191 (67.0%) 241 (72.2%) 1048 (59.6%) 2758 (65.0%)
source in alpha/mu regions, bycycle run 956 (59.5%) 161 (56.5%) 194 (58.1%) 851 (48.4%) 2273 (53.5%)
Meet SNR and pattern distance thresholds 704 (43.8%) 117 (41.1%) 139 (41.6%) 573 (32.6%) 1605 (37.8%)

Table 1: Participant counts by pipeline stage and diagnosis. Raw participant counts at each
stage of the pipeline. The retention percentage relative to the number of participants listed
online for that diagnosis.

ws EEG recordings

1o High-density EEG data were recorded throughout the session in a sound-shielded room
uo  using a 128-channel EEG geodesic hydrocel system by Electrical Geodesics Inc. The data was
m  recorded at the sampling rate of 500 Hz and was bandpass filtered between 0.1 and 100 Hz.
12 The recording reference was at the vertex of the head (electrode Cz), and impedances were
us  kept below 40 kOhms throughout the recording. The participants underwent a series of tasks
us  in the session. For this paper, we analyzed data from the resting-state paradigm, in which
us  participants alternated between viewing a fixation cross with their eyes open for 20 seconds
us and closing their eyes for 40 seconds for a total of five minutes. Data analysis was performed
w with Python using MNE-Python, version 1.1.0 (Gramfort et al., 2013; Larson et al., 2022).

us Data preprocessing

15 We rejected channels that had values of zero for every time point (i.e., flat channels) and channels
120 whose variance was greater than three standard deviations away from the channel’s mean value
1 across time (i.e., had a high level of noise). We then used spherical spline interpolation for
122 these rejected channels. We performed minimal preprocessing because SSD is able to separate
123 components with high alpha SNR from the artifacts present in minimally processed EEG sensor
14 data (Nikulin, Nolte, and Curio, 2011).

s Calculation of spectral parameterization

126 To calculate power spectra from the extracted time series, we used Welch’s method (window
1 length: 4 seconds, 0% overlap, Himming window). We then used the spectral parameterization
s toolbox (version 1.0.0) (Donoghue, Haller, et al., 2020) for the calculation of alpha oscillatory
19 power and aperiodic exponents. The power spectrum is modeled as a combination of aperiodic
1o and oscillatory components, which allows for isolation of alpha oscillatory power from aperiodic
1 components. The power spectral density P(f) for each frequency f is expressed as:

P(f) = L(f)+ Y Galf), (1)

12 with the aperiodic contribution L(f) expressed as:

L(f) = b—log[f*], (2)
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113 with a constant offset b and the aperiodic exponent x. When the power spectrum is plotted
14 on a log-log axis, the aperiodic exponent x corresponds to the slope of a line. Each oscillatory
s contribution Gy, (f) is modeled as a Gaussian peak:

(f - Mn)z

Guf) = anexp |~ LB o)
O-TL

1 with ay, as the amplitude, p1,, as the center frequency and o, as the bandwidth of each component.
1wv The number of oscillatory components is determined from the data, with the option to set
1 a maximum number of components as a parameter. The general model assumption here
1 is that oscillatory and aperiodic processes are distinct and separable. Parameters for spectral
uo parameterization were set as follows: peak width limits: (1, 12); maximum number of peaks: 5;
1w minimum peak amplitude exceeding the aperiodic fit: 0.0; peak threshold: 2.0; and aperiodic
12 mode: ‘fixed’.

s Peak frequencies can vary across participants, and the success of spatial filters (described in the
s Calculation of spatial filters and patterns subsection) depend on filtering in a frequency range
ws that includes the peak frequency of the rhythm one aims to isolate. Because of these constraints,
us it was important that we approximated each participant’s alpha and mu peak frequencies to
w find spatial filters that properly isolated these alpha-band rhythms. We first computed the
us spatial Laplacian to accentuate the local features in the data and reduce the effects of volume
u conduction; we were particularly concerned with reducing the effect of occipital alpha rhythms
150 in sensorimotor channels so that we could estimate mu peak frequency. Next, we used spectral
151 parameterization to find the peak frequency in the 6-13 Hz range for two occipital (E70 and
12 E83, O1 and O2, respectively) and two sensorimotor channels (E36 and E104, C3 and C4,
153 respectively) after computing the spatial Laplacian for these channels. This was done to get an
154 approximate estimate of the peak frequencies for alpha and for mu rhythms in each participant to
155 be used as a parameter in the spatial filter calculation described below. Of the 2969 participants
155 for which we were able to successfully download their EEG data, 2764 had an alpha peak in at
157 least one of the four selected channels. After alpha and mu components were identified, spectral
153 parameterization was again applied to determine the peak frequency for each component to
1 safeguard against variations in peak frequency. The aperiodic component was not used for
wo any subsequent analyses, as the spatial filtering only optimizes for extracting oscillations and
161 the effects of this procedure on the aperiodic exponent have not been characterized. Beyond
12 this methodological constraint, developmental trajectories of the aperiodic exponent have been
163 well-documented in previous studies (Wilkinson et al., 2024; Hill et al., 2022; Cellier et al.,
16e  2021), including with this developmental dataset (Caffarra et al., 2024; Trondle et al., 2022).

s Calculation of spatial filters and patterns

s For extracting rhythms in the alpha-band, we used spatio-spectral decomposition (SSD)
w67 (Nikulin, Nolte, and Curio, 2011). SSD maximizes spectral power in a frequency band of inter-
s est while minimizing spectral power in flanking frequency bands, thus enhancing the height
1o of spectral peaks over the aperiodic component and exploiting the typical narrowband peak
o structure of neural rhythms (see Fig. 1C). Because alpha peak frequency can vary substantially
m across participants, we used the individual alpha peak frequency from spectral parameterization
2 for each participant (ag.q) as the center frequency for the SSD frequency band of interest.

w3 SSD models the measured time series X (a matrix with ¢ samples and & electrodes) as a linear
11+ combination of signal Xg and noise Xn:
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X = Xg + Xn. (4)

s In our case, the signal Xg is the signal in the alpha band, while the noise Xy is the signal in
s the neighboring frequency bands. Xg was calculated by bandpass filtering (ageq — 2, Qfeq + 2)-
ir Following the procedure of Nikulin and colleagues (Nikulin, Nolte, and Curio, 2011), Xn
s was calculated by bandpass filtering (ageq — 4, Afreq +4) and then bandstop filtering (ageq —
s 3, Qfeq + 3). We can then calculate the signal covariance Cg and noise covariance Cn from
wo the corresponding time series:

Cs = Xs Xg; (5)
Cn = Xn'XN. (6)

11 We aim to find spatial filters W that maximize the power of the projected signal Ps while
12 minimizing the power of the projected noise Py:

_Ps var(W'Xg)  WTCgW )
- PN N Val’(WTXN) N WTCNW.

SNR(W)

13 We can then transform this Rayleigh quotient into the following generalized eigenvalue
184 problem:

Cs = CNWA, (8)

s where A is the unity matrix with the corresponding eigenvalues on the diagonal. Each column
185 of W is a spatial filter, and each participant will have as many spatial filters as electrodes (i.e., &
167 spatial filters), with the spatial filters ordered by relative SNR in the frequency band of interest.
s Time series for each SSD component can be obtained from broadband activity across electrodes
1o through matrix multiplication of the transposed spatial filters:

S=wTx. 9)

10 Crucially, because the SSD component time series is a linear transformation on the broadband
o1 activity rather than filtered activity, nonsinusoidal features of the waveforms, such as harmonics,
192 are retained in the SSD component time series, allowing for fine-grained analysis of waveform
13 shape. Finally, we can determine the spatial patterns A for each participant by inverting the
1ss  matrix of spatial filters:

A=wW1 (10)
155 These spatial patterns can then be used to interpret the spatial origin of the extracted SSD
156 components (Schaworonkow and Voytek, 2021a), and in our case, classify the SSD components

157 as occipital alpha or sensorimotor mu (see below). The initial spatial patterns occasionally
s contain outlier channels that either have very large values or very different values from their

6
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19 neighboring channels within a spatial pattern that could corrupt source localization. Thus,
20 we identified outlier channels programmatically for each participant by detecting channels
21 that were three standard deviations away from the mean in the spatial pattern or the spatial
22 derivative of the spatial pattern. Because these outlier channels are consistent across spatial
23 patterns, we looked only at channels that were identified as outliers across at least three of the
204 top 10 spatial patterns for each participant. We then recomputed SSD with each participant’s set
s of outlier channels removed. The SSD procedure generates three outputs for each component:
06 a spatial filter, a spatially filtered time series, and a spatial pattern. The spatial pattern is used for
207 the source localization described in the next section.

28 Classifying alpha rhythms as occipital alpha and sensorimotor mu

209 To estimate source locations for each component, we computed the leadfield from a pediatric
z0 template brain and found the source that best accounts for that component’s spatial pattern.
a1 We used the atlas from Fonov and colleagues (Fonov et al., 2011), which averages participants
22 MRIs in the age range of 4.5 to 18.5 years and used this as our template head and brain model.
n3 We then segmented the template head into the inner skull, outer skull, and outer skin surfaces
24 and used these surfaces to create a 3-layer Boundary Element Method (BEM) model using
us  FreeSurfer (Fischl, 2012). We aligned the FreeSurfer surfaces and BEM model to the template
zus  electrode positions. Next, we created a surface-based source space with a recursively subdivided
a7 octahedron. We computed the forward solution using the BEM model and surface-based
28 source spaces, resulting in a spatial pattern for each dipole source. Finally, we computed the
29 absolute cosine distance between each component’s spatial pattern and the spatial patterns
20 generated by each dipole. The dipole with the lowest cosine distance was then defined as the
21 source location for that component. Using the HCP-MMP1 parcellation (Glasser et al., 2016),
22 components that were localized to the occipital cortex were classified as alpha components
23 and those that were localized to somatosensory, motor, premotor, paracentral lobular, and
24 midcingulate cortices were classified as mu components. 2216 participants had at least one
»s component with a source classified as mu or alpha according to spatial location. To ensure that
2s components were strong alpha sources, we calculated the aperiodic-adjusted SNR (spectral
2 alpha peak height without the 1/f-contribution) for each component and excluded components
25 with SNR < 5 dB. We further defined each remaining component’s spatial pattern distance as
29 the absolute cosine distance between that component’s spatial pattern and the spatial pattern
20 generated by its source dipole. This spatial pattern distance quantifies how much the spatial
21 pattern deviates from a noise-free leadfield pattern resulting from a dipole at the exact source
22 location. To ensure that source localization was accurate, we excluded components with spatial
23 pattern distance > 0.15. Together then, these thresholds ensured that the components used
24 for subsequent waveform shape analyses were strong alpha-band sources with well-estimated
2 source locations. 1605 participants had at least one alpha or mu component that passed these
26 SNR and spatial pattern distance thresholds. To simplify comparisons across participants, we
27 only used each participant’s highest-SNR alpha component and highest-SNR mu component
28 in further analyses.

239 Calculation of waveform measures

20 For all of the alpha and mu components, we then calculated measures of waveform shape from
21 the component time series using the bycycle package (version 1.0.0) (Cole and Voytek, 2019).
22 This complementary approach to spectral analyses allows us to examine the nonsinusoidal,


https://doi.org/10.1101/2023.10.13.562301
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.10.13.562301; this version posted April 7, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

23 asymmetric features of the alpha and mu rhythms. First, we filtered the component time series
24 in the broad frequency band from 1-45 Hz to remove slow drifts as well as high-frequency
us  noise that would complicate extrema localization without deforming the shape of the alpha and
26 mu rhythms. To extract the time points of zero crossings, the time series is then narrowband
27 filtered at the component peak frequency identified earlier using spectral parameterization
us £ 2 Hz. Next, the peaks and troughs for each cycle are extracted by finding the absolute
s9  maxima and minima of the broadband signal between the zero-crossing time points. The rise
20 and decay were defined as the phase from trough to peak and the phase from peak to trough,
1 respectively. Because oscillations are infrequent and bursty (Cole and Voytek, 2019; Jones,
2 2016; Lundqvist et al., 2016), we next performed burst detection to determine which individual
23 cycles represent alpha and mu bursts. Burst detection parameters were set as follows for all
24 components: amplitude fraction threshold: 0.5 (cycles with amplitudes smaller than the median
s amplitude were discarded), amplitude consistency threshold: 0.5 (cycles where the difference
26 in rise and decay voltage values was greater than the median difference were discarded), period
27 consistency threshold: 0.5 (cycles where the difference between the cycle period and the period
s of neighboring cycles was greater than the median were discarded), monotonicity threshold:
s 0.5 (cycles where the fraction of instantaneous voltage changes between consecutive samples
20 that are positive during rise and negative during the decay phase was smaller than 0.5 were
21 discarded). These relatively stringent burst criteria have been used previously to investigate
22 waveform shape of low-frequency bursts in infants (Schaworonkow and Voytek, 2021b). We
23 determined the cycle frequency, rise-decay asymmetry, peak-trough asymmetry, and cycle
2+ amplitude from the times and voltages of the extracted critical points for each cycle as follows:

1
trough,cycle,, v 1

265 * frequency: f = ; ;

trough,cycle ,

266 * rise-decay asymmetry: asym ; = |tmeiﬁ —0.5]

¢
. _ . _ peak o
267 peak-trough asymmetry: asym, = \7%&]( e 0.5|
. . . - Urise+vdecay
268 amplitude: amp = ===,
20 'To account for any unequal voltage scaling across components from SSD, we normalized the
20 cycle amplitude across each component by dividing the amplitude of cycles within bursts by
an  the average amplitude of all cycles from non-bursts.

22 To separate the eyes open and eyes closed conditions, we extracted event markers for the
213 opening and closing of eyes from the EEG signals. Because the modulation of alpha by closing
214 the eyes can often take 1-2 seconds, we classified time periods two seconds after the closing of
s the eyes until two seconds before the subsequent opening of the eyes as eyes closed, and vice
26 versa for eyes open. We then recomputed burst detection on the time series data for eyes closed
2 and eyes open conditions separately because the relative amplitude criterion used therein could
2 miss lower amplitude alpha bursts in the eyes open condition.

e Statistical analysis

20 Statistical analyses were carried out using the pingouin Python package (version 0.5.3) (Vallat,
2 2018). We used ¢-tests to determine if there were significant differences in waveform features
22 between alpha and mu (Fig. 2). We evaluated the effect sizes of these contrasts using Cohen’s d.
23 In order to determine whether the waveform features change across development for alpha and
24 mu, we first calculated correlation coefficients across age for each rhythm type (Fig. 3A). To
25 assess whether the waveform features change differently by rhythm type, we used permutation
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26 statistics and linear models to bootstrap the slope and offset for each waveform feature of
27 each rhythm type. Specifically, we resampled feature values with replacement and fit a linear
28 model for each rhythm type in which each feature is a function of age: feature = 3; - age + fo,
2 giving us bootstrapped distributions of slope (1) and offset (3y) for each waveform feature
20 and rhythm type (Fig. 3B-C). We then calculated p-values for differences in the 3 coefficients
21 between rhythm types by comparing the percentage of bootstraps where the difference of the
22 [3 coeficient of alpha and mu was either above or below zero to 50%. Finally, we evaluated
23 whether waveform shape features differ across clinical diagnoses (Fig. 4), independent of the
24 observed changes in these waveform features with age, by performing an ANCOVA and using
25 age as a covariate. We performed post-hoc ¢-tests on the residuals obtained from the linear
26 regression of age with each waveform feature. This analysis aimed to verify pairwise non-
27 significance in line with the results of the ANCOVA. To determine whether the diagnoses data
28 constitute strong evidence for the null hypothesis, we calculated Bayes Factors (BFs; Jeffreys,
20 1998; Wetzels et al., 2011) using a JZS (Jeffreys-Zellner-Siow) prior (Rouder et al., 2009).
;0 According to Jeffreys’ scheme, BF < L and BF < %0 indicate substantial and strong evidence
w1 for the null hypothesis, respectively, 3 < BF < 3 indicates insufficient evidence, and BF > 3
;2 and BF > 10 indicate substantial and strong evidence for the alternative hypothesis, respectively
0 (Jeffreys, 1998; Jarosz and Wiley, 2014). All reported p-values were corrected for multiple
s comparisons using the Bonferroni correction, except in the case of relating waveform features
0s  to diagnoses, where we used the Benjamini-Hochberg procedure (Benjamini and Hochberg,
06 1995) to decrease the chance of Type Il errors (i.e., falsely claim that there are no significant
wr  differences in waveform features across diagnoses when there are).

s Results

w0  Methodological approach for establishing the presence of alpha and mu rhythms

s Our processing pipeline aimed for a computationally efficient, noise-resistant investigation
su of EEG alpha-band rhythms without any manual data cleaning in an EEG dataset of nearly
32 3000 minors aged 5-18 (mean age: 10.1 + 3.2 years), consisting of approximately 5 minutes
a3 of resting-state activity in 128 channels (Fig. 1A). Our focus was specifically occipital alpha
su  rhythms and sensorimotor mu rhythms. First, we identified the peak frequency in a broad, 6-13
us  Hz range in two occipital and two sensorimotor channels for each participant using the spectral
us  parameterization method (Donoghue, Haller, et al., 2020) (Fig. 1B). Alpha-peak detection and
7 spectral parameterization model goodness-of-fit metrics were consistently high across the ages
us  investigated (Fig. Al and Fig. A2). We then used each individual’s average alpha-band peak
29 frequency across the four channels to seed a spatial filtering algorithm called spatio-spectral
20 decomposition (SSD) that extracts oscillatory sources with high alpha-band signal-to-noise
= ratio (SNR). Bach extracted source consisted of a time series and associated spatial topography
2 (Fig. 1C). These SSD sources attenuate noise in higher frequencies that is apparent in the
2 sensor-space BEEG (Fig. A3). To maximize accuracy of source localization for these rhythms
24 (described below), we performed outlier detection on the initial spatial patterns and recomputed
2 SSD with any detected outlier channels removed. Using a template magnetic resonance image
2 developed specifically for a developmental population (Fonov et al., 2011), we used a template
27 matching approach to estimate the source location that best accounts for the spatial pattern of
28 the strongest components with high alpha-band SNR for each participant (Fig. 1D). The spatial
29 patterns were compared to the leadfield of 32,772 source locations using a cosine-based distance
s metric. The majority of sources were localized to occipital and sensorimotor cortices after
3 imposing alpha-band SNR and acceptable pattern distance thresholds (Fig. 1E). We classified
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3 the SSD components with SNR > 5 dB located in the occipital cortex as alpha rhythms (Fig. 1E-
3 F, pink) and those located in sensorimotor cortices as mu rhythms (Fig. 1E-F, green). Our
1 extraction procedure resulted in sensorimotor mu rhythms for 13.6% (405/2969) of participants
s and visual alpha rhythms for 48.4% (1438/2969) of participants (Fig. 1F). This percentage for
16 detected mu rhythms is comparable to that achieved by previous studies (Aird and Y Gastaut,
s 1959; Koshino and Niedermeyer, 1975; Frauscher et al., 2018), while the percentage of detected
s alpha rhythms reflects the fact that we intentionally excluded parietal alpha rhythms, which
3 are prominent in resting-state, sensor-space EEG (Sokoliuk et al., 2019). The time series for
s these selected high-SNR alpha and mu rhythms were then used for all subsequent waveform
s shape analyses.

s2  Alpha and mu rhythms differ in their oscillatory waveform features

us  After extracting alpha and mu rhythm time series (example seen in Fig. 2A), we computed
1 waveform features on a cycle-by-cycle basis, using the same approach as (Cole and Voytek,
us 2019). Bach time series was divided into cycles by identifying zero crossings and extrema
us  (peaks and troughs) for each cycle of the alpha-band rhythm. A cycle was classified as a burst
wr  after passing burst detection criteria (see Methods). We quantified four waveform features:
us  average frequency, rise-decay asymmetry, peak-trough asymmetry, and amplicude (see Fig. 2B).
s The oscillation frequency was computed as the inverse of the cycle period. We assessed the
s asymmetry of the time series with two different metrics, using the rise-decay asymmetry as
st well as the peak-trough asymmetry; the former measures the asymmetry in the amount of time
2 spent in the oscillation cycle rise versus decay, whereas the latter measures the amount of time
3 spent in the oscillation peak compared to the trough, approximating the “sharpness” of the
34 cycle extrema. Normalized amplitude was computed as the ratio between the amplitude of the
s burst vs. non-burst cycles. This measure strongly correlates with the 1/f-corrected spectral
s peak alpha-band amplitude (r = 0.844), but has the benefit that it can be calculated from the
37 time series itself.

s Because both types of rhythms could not be extracted for every participant, we assessed all
3 measures both across and within participants. Across-participants analyses maximized the
0 number of participants included in the analysis to ensure observed differences in alpha and mu
;e thythms were representative of the participants as a whole, while within-participant analyses
s ensured any differences seen across participants reflected differences in rhythms rather than
%2 any other characteristic of participants that varied across rhythm types (e.g., age). Compar-
s+ isons of alpha and mu waveform features between participants are shown in Fig. 2C: alpha
xs peak frequency was lower than mu peak frequency (¢ = —3.71, d = —0.200, p = 0.00182).
3 Additionally, mu rhythms were more asymmetrical than alpha rhythms in both measures of
%7 asymmetry: rise-decay asymmetry (t = —4.08, d = —0.257, p = 4.09 - 10~) and peak-trough
xs asymmetry (t = —10.8, d = —0.870, p = 1.39 - 10~23). Normalized amplitude was higher
% for alpha rhythms (¢ = 14.6, d = 0.668, p = 1.56 - 10712), reflecting burst cycles of higher
s magnitude. Within participants, waveform features showed the same alpha/mu differences as
s between participants, such that alpha rhythms showed lower peak frequency, less asymmetry,
s and were of higher amplitude than mu rhythms. Effect sizes within participants were also of
s similar magnitude to those across participants (Table B1). This shows that effects seen across
s the population are also generally reflected within individuals. This consistency also indicates
s that the observed differences are not driven by participants for which only one type of rthythm
s could be detected, nor by differences in sample size between alpha and mu rhythms. As the
s dataset included periods of eyes open/eyes closed modulation, we were interested whether our
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Figure 1: Analysis pipeline for extracting occipital alpha and sensorimotor mu rhythms with
high SNRin a large developmental EEG dataset. (A) Sensor positions of 128-channel EEG (left)
and the distribution of ages (bottom right) within the available dataset. (B) Power spectra for
two occipital channels (red) and two sensorimotor channels (green) for one example participant
in order to estimate the average indiviudal alpha-band peak frequency across the four channels
(black dashed line). (C) The spatial filtering algorithm SSD extracts oscillatory sources with high
alpha SNR by maximizing power within the defined frequency band of interest and minimizing
power within defined neighboring frequency bands (left), with each source characterized by
its spatial distribution (top right) and time series (bottom right). (D) To localize sources, the
absolute cosine distance was computed for each SSD spatial pattern and lead field entry for
each possible location. (E) Heat map of locations of the extracted alpha-band components
superimposed on a 3D brain, for an SNR threshold of 5 dB and a pattern distance metric of
0.15. Components localized to an occipital region (outlined in pink) were classified as alpha
components, while components localized to a sensorimotor region (outlined in green) were
classified as mu components. (F) The percentage of participants who had a detectable rhythm
exceeding a specified SNR threshold for alpha and mu rhythms, respectively.
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s pipeline would reflect commonly known amplitude modulation of alpha during eyes closed
79 periods, while maintaining a stable amplitude for mu. Fig. 2D shows eyes open/eyes closed
s modulation for different features across the brain. Consistent with previous studies, alpha
:  amplitude was significantly decreased from eyes closed to eyes open (t = 48.2, d = 1.39,
w  p=3.02-1072%), with a much larger effect size than the difference in mu amplitude between
s eyes closed and eyes open (t =4.53,d = 0.124, p = 6.50 - 10~°). This result bolsters the notion
4 that our pipeline properly isolates alpha and mu rhythms. Frequency was not significantly
%5 different between eyes closed and eyes open for alpha (frequency: ¢ = 2.42, d = 0.0328,
w6 p = 0.124) nor mu (t = —0.711, d = —0.0125, p = 1). Waveforms were significantly more
3 asymmetrical during eyes open than during eyes closed for both alpha (rise-decay asymmetry:
ws t=—16.2,d = —0.506, p = 2.28 - 107°3; peak-trough asymmetry: t = —7.93, d = —0.267,
3 p=3.49-10714) and for mu (rise-decay asymmetry: ¢t = —4.95, d = —0.252, p = 9.20 - 10~;
w0 peak-trough asymmetry: ¢t = —5.29, d = —0.182, p = 1.67 - 1075). With these increases in
;1 waveform asymmetry being relatively small in comparison to the decrease in alpha amplitude,
2 the strongest effect of opening the eyes remains the decrease in alpha amplitude that is consistent
13 with previous results. As the mu amplitude remained stable across eyes open/eyes closed periods
4 and the eyes closed alpha cycles contributed the majority of alpha cycles, we collapsed across
. eyes open and closed periods for further analyses.

w6 In summary, the results indicate that our analysis pipeline was able to extract differential alpha
7 and mu rhythm waveform characteristics effectively without any manual data cleaning in a
we  large dataset. Moreover, these results align with qualitative descriptions in previous literature
w9 regarding oscillatory frequency and amplitude and provide a novel, quantitative characterization
w0 of waveform shape, distinctly for both rhythm types.

w1 Waveform features differ strongly across development

w2 After evaluation of waveform shape features for each rhythm type, we next investigated how
w3 these waveform shape features change across development. The results are shown in Fig. 3A.
aws  First, we reproduced the classic increase of frequency across development for both alpha
ws (r = 0518, p < 107%%) and mu (r = 0.421, p = 3.47 - 10718). Second, mu rise-decay
ws asymmetry decreases significantly across development (r = —0.125, p = 0.047), while alpha
w7 does not show a significant increase (r = 0.017, p = 1.0). For peak-trough asymmetry,
ws  both rhythm types display increasing nonsinusoidality with higher age (alpha: r = 0.167,
w0 p=06.87-1071% mu: r = 0.249, p = 1.56 - 10~°). Additionally, we showed that both alpha
a0 (r=0.217,p=4.08-1071%) and mu (r = 0.244, p = 2.78 - 10~%) increase in burst amplitude
m  relative to non-burst cycle amplitude across development.

a1z To compare the relationship between waveform features and age across the two rhythm types
a3 in a more fine-grained way, we estimated linear models using resampling and permutation
s statistics. We formulate a linear model for each rhythm type in which each feature is a function
as  of age: feature = (1 - age + fy. To determine whether there are distinct slopes and offsets for mu
s and alpha rhythms in their relationship with age, we performed resampling with replacement
a7 of feature values and fit linear models to the resampled feature values across age for both rhythm
as  types to calculate p-values (results are reported as 95% confidence intervals of the difference
a9 between alpha and mu parameters, in square brackets). Our results show that the two rhythm
20 types change differentially across age (see Fig. 3B for slope and Fig. 3C for intercept). The
m  slope differences indicate that changes in rhythm characteristics across development affect
a2 one rhythm more than the other. Alpha changes across development were more pronounced
23 than those for mu in frequency ([0.0259, 0.0852], p = 0.002), rise-decay asymmetry ([0.0004,

12


https://doi.org/10.1101/2023.10.13.562301
http://creativecommons.org/licenses/by-nc-nd/4.0/

gy N, ﬁﬁz’ﬁiOl this version d\pgi[ Ider for this preprint
Agvh w%rs?got tgg@ f’h m%/égggr r@lﬂtjl-zovf/%ril gtlhe aut] or/ nder, who has grantedpﬁtgqi XV a |cense§1§g§ 'gp?r%%?mt in perpetuity. It is

made available under aCC-BY-NC-ND 4.0 Internatieqalnégense. rise-decay asymmetry

—
= 1/period = ” ':)s‘;g;ne 0.5”

peak-trough asymmetry normalized amplitude

o~
—y
o~

__ peaktime _® burst amplitude

time [sl time [s] peak time + trough time 0.5 ® non-burst amplitude
C mu and alpha waveform shape features
rhythm 0175
I alpha . - ) . .
B mu (| M M 4.0 1 m
0.10 A 4
13 - 0.150
3.5
12 - > 0.08 2 01251 o
@ o g 3.0 1
=) £ = 2
T 11 S £ 0.100 A g—
> % 0.06 1 8 S 55
5 © 2.5
5 = 5 3
$ 104 3 S 0.075 - N
g o) o ©
= 2 0.04- Z £ 201
91 2 © 0.050 A <
1.5 1
. A 2 -
8 0.0 0.025 A
1.0 1
7 -
0.00 - 0.000 A
D eyes open / closed modulation
rise-decay peak-trough normalized
frequency asymmetry asymmetry amplitude

, e
-2.0 -1 0 0.0 2.0

eyes closed - eyes open (z-score)

Figure 2: Waveform features differ between alpha and mu rhythms. (A) Example time series
for alpha (right) and mu (left) components from two participants. The topoplot inset shows
the average topography for each rhythm type across all included participants (top: mu, bot-
tom: alpha. (B) Schematic illustrations of assessed waveform features: frequency, rise-decay
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21 0.0015], p = 0.0006), and amplitude ([0.0032, 0.027], p = 0.0126), while changes in peak-
25 trough asymmetry were more pronounced for mu than alpha ([-0.0021, -0.0004], p = 0.0048).
2 The difference in intercept indicates that the changes in rthythm characteristics are already
a evident at the beginning of the age range in this study (minimum age 5). Frequency ([-0.5412,
28 -0.192], p = 0.0002) and both asymmetry measures (rise-decay: [-0.0126, -0.0056], p < 0.0001;
w9 peak-trough: [-0.0113, -0.0024], p = 0.004) were higher for mu at age 5, while amplitude
a0 ([0.1347, 0.2596], p < 0.0001) was higher for alpha at age 5.

s To investigate whether the changes in waveform features with age are nonlinear, we fit gener-
w2 alized additive models (GAMs) to these data. We qualitatively observe a close correspondence
23 within the investigated age range (5-18 years) to the linear model (Fig. C1), validating the
s use of linear models. Furthermore, as the data contained both eyes closed and eyes open data
s segments, we also performed this analysis separately for each type of segment. As shown in
s Fig. C2, the main results when concatenating across eyes open/closed primarily resemble the
a1 eyes closed condition. This is unsurprising, given that there are more data segments with eyes
a8 closed than eyes open (180 seconds vs. 120 seconds). That said, the changes across age for eyes
s open were qualitatively similar to the eyes closed condition for frequency and peak-trough
a0 asymmetry, with increasing waveform feature values throughout development. The differences
a  between alpha and mu for rise-decay asymmetry were entirely driven by the closed condition,
a2 as there were no significant differences in slope or intercept between alpha and mu with eyes
3 open. The normalized amplitude measure did not show a difference between eyes closed and
s eyes open conditions for mu, but the slope and intercept were higher for eyes closed than eyes
s open for alpha. Finally, to account for potential differences in age across rhythm types, we fit
s linear models with bootstrapping to only the participants with both alpha and mu rhythms
a7 (Fig. C3). The linear model parameters are comparable to those for all participants, validating
s that the differences between alpha and mu waveform features across age are not due to the age
as  distribution across the rhythm types.

so  The individual features are correlated to a varying degree (Fig. 3D). Therefore, to investigate if
a1 the individual waveform features capture unique information in the light of their correlations, we
2 performed a unique contribution analysis. For this, we estimate a multivariate model predicting
a3 age from the four waveform features, calculating R}u” for the full model. The full model had an
454 R?cul ,-value of 0.257 for the alpha rhythm and Rfcul ,-value 0f 0.213 for the mu rhythm. Next, we
sss removed one feature and estimated a linear model for age using the remaining three waveform
w6 features to obtain a Rfmm 4-value. This was used to calculate the unique relative contribution
w7 of the remaining individual waveform feature: R? = (R7uy — B2 ortiar)/ Ry Relative

remainin
sss - contributions are shown in Fig. 3E: while for the alpha riythm alarge ;mount of information
aso related to age is captured uniquely by the frequency alone, without waveform asymmetries
w0 being informative about age, for the mu rhythm a substantial amount of information related
w1 to age is captured uniquely by waveform asymmetries. For both rhythm types, normalized
w2 amplitude is not uniquely informative about age. Overall, this finding highlights the differing
w3 roles of specific waveform features in changes across age for both rhythm types, with the

s+ remaining predictive power arising from the shared information between waveform features.

s In this way, our procedure was able to quantify differences in waveform features separately
sws for mu and alpha, with each rhythm type displaying unique characteristics, albeit with high
w7 individual variance. Changes in waveform features across development for mu were invariant
ws  to eyes open/closed; while there were differences across eyes open and eyes closed for alpha,
a9 these differences reflect classical eyes open/closed effects. In the following section, we examine
s whether the individual variance can be linked to several types of clinical diagnoses.
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Figure 3: Alpha and mu rhythm waveform features show differential changes across develop-
ment, analysis collapsed across eyes open and eyes closed conditions. (A) Alpha (pink) and
mu (green) waveform features (frequency, rise-decay and peak-trough asymmetry, normalized
amplitude) by age across participants. The scatterplots for both rhythm types individually can
also be seen in Fig. C1, providing improved distinction. (B) Slope of linear model for alpha and
mu rhythm. Boxes denote interquartile range, and whiskers denote 95% confidence interval
of bootstrapped feature values (10,000 iterations). (C) Intercept of linear model for alpha and
mu rhythm. Boxes denote interquartile range, and whiskers denote 95% confidence interval of
bootstrapped feature values (10,000 iterations). (D) alpha rhythm: (top) Spearman correlation
between mean waveform features across participants; (bottom) unique contribution of individ-
ual waveform features to age in a multivariate linear regression model, as estimated by variance
partitioning. (E) same as (D) but for the mu rhyﬁtgm.
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an  Resting-state rhythm features across diagnoses

s Given the easy applicability of resting-state EEG in a developmental population, there is
s substantial interest in deriving sensitive biomarkers from resting-state EEG. Therefore, we
s compared the above waveform shape features across clinical diagnoses to see if alpha rhythm
ws (Fig. 4A) or mu rhythm (Fig. 4B) features could be related to ADHD or ASD diagnoses. An
a6 analysis of covariance (ANCOVA) was conducted to examine the influence of diagnosis (with
a three levels: ADHD, ASD, and no diagnosis) on each of the four waveform features while
s accounting for differences in the covariate age across diagnostic groups. The main factor
a  of diagnosis was not significant for any of the waveform features for both alpha (frequency:
w  F = 2.649, p = 0.570, rise-decay asymmetry: F' = 0.828, p = 0.583, peak-trough asymmetry:
@ F = 0.886, p = 0.583, and normalized amplitude: F' = 1.213, p = 0.583) and mu rhythms
w2 (frequency: F = 0.034, p = 0.967, rise-decay asymmetry: F' = 0.863, p = 0.583, peak-trough
w3 asymmetry: F' = 1.899, p = 0.583, and normalized amplitude: F' = 0.498, p = 0.696).
s These null results were further supported by pairwise post-hoc t-tests that controlled for
sws age. Furthermore, supplementary analyses showed that there were no significant differences
ws  between diagnoses when the data were split into the eyes open (Fig. D1) and eyes closed
ar  conditions (Fig. D2). Thus, taking age into account, there were no significant differences
ss  in all four waveform shape features we investigated between participants with ADHD and
s ASD compared to typically developing participants for either alpha-band rhythm. Given the
w0 non-significant findings for each of the waveform shape features across the diagnoses, we
s calculated Bayes factors (BFs) to examine statistical evidence for the null hypothesis that there
2 are no difference in waveform shape features for alpha and mu rhythms in ADHD and ASD
s (Jeffreys, 1998). All BFs < 1, indicating strong evidence for the null hypothesis, except for
ws frequency in ADHD vs. typically developing (BF = 0.835) and normalized amplitude in
s ASD vs. typically developing (BF = 0.440). Regarding developmental changes, there were
w5 no differences between diagnostic groups and participants who received no diagnosis in the
w7 regression coeflicients relating age and waveform features for alpha (Fig. D3) nor mu (Fig. D4)

498 rhythms.

s Participants classified as having a ADHD or ASD diagnosis exhibit high heterogeneity, show-
s ing a wide range of symptoms, cognitive abilities, and comorbidities. Given this diversity,
s we investigated whether the variability in clinical presentation was related to differences in
sz waveform features, using additional available information within the dataset. For the ADHD
so3  group, we compared the Hyperactive/Impulsive Type, the Inattentive Type, and the Combined
se Type, as given per clinician diagnosis, and the participants without a diagnosis using an indi-
sos  vidual ANCOVA per feature with age as covariate, finding no significant effects for diagnosis
sos  subtype as a factor, see Table D1. Additionally, we assessed the relationship between Conners 3
sor  questionnaire scores, an ADHD-specific assessment, and waveform features within the ADHD
sis group and across all participants with available scores. No statistically significant associations
so were found across any of the waveform features examined for each rhythm type, see Table D2
so and Table D3. In the ASD group, we assessed the relationship between Autism Spectrum
su Screening Questionnaire (ASSQ) scores and waveform features, using Spearman correlation,
sz with and without age as a covariate, finding no significant correlation (Table D4). This was
si3 also the case when using the ASSQ scores for all participants for which these were available,
s and relating them to waveform features (Table D5). In terms of comorbidities, a notable subset
sis of participants had secondary diagnoses in addition to their primary diagnosis. Specifically,
sis the number of participants with a primary diagnosis of ASD and a secondary diagnosis of
sz ADHD or vice versa, was 115 out of 748 participants with a ADHD or ASD diagnosis (15.4%)
s for alpha and 30 out of 197 (15.2%) for mu. To investigate whether this subgroup exhibits
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Figure 4: Resting-state alpha and mu waveform features across ADHD and ASD diagnoses
compared to typically developing participants. (A) alpha rhythm components: mean wave-
form features (frequency, rise-decay and peak-trough asymmetry, normalized amplitude) in
participants who received an ADHD and ASD diagnosis, and for participants who did not receive
a diagnosis (ADHD: N=639, ASD: N=129, no diagnosis N=109). (B) mu rhythm components: mean
waveform features in participants who received an ADHD and ASD diagnosis, and for participants
without a diagnosis (ADHD: N=167, ASD: N=30, no diagnosis N=30). No statistically significant
difference between the two disorder groups and typically developing participants was found for
any waveform feature and rhythm type.

distinct characteristics, we categorized the participants into a separate group, and conducted an
ANCOVA with age as covariate, mirroring the main analysis in Fig. 4. The results indicated no
significant effect of diagnosis (see Table D6, Fig. D5, and Fig. D6), suggesting that the presence
of comorbidities did not substantially alter the waveform features analyzed. To evaluate the
influence of cognitive abilities, we examined available Wechsler Intelligence Scale for Children
(WISC-V) scores of all possible participants for which the WISC-V was completed (N=958).
The ANCOVA relating different WISC-V subscores and diagnoses was significant for the main
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s factor of diagnosis (Table D7 and Fig. D7), and so we estimated a linear model for waveform
sz7 feature relationships that includes WISC-V score as an additional factor in addition to age and
s diagnosis. This factor was not significant, see model summary in Table D8. In summary, there
s was no significant difference for all waveform features across diagnoses, even when controlling
s for a variety of different variables related to the heterogeneity of the population.

s31 Discussion

sz With these analyses, we have established a data analysis pipeline to extract distinct oscillatory
s3 thythms that overlap in frequency in resting-state EEG. The data-driven spatial filtering
su  approach leverages the differential spatiospectral distribution of occipital alpha and sensorimotor
s mu to identify independent rhythms, as there could be several underlying generators that are
s differentially altered (Dumas et al., 2014). This approach effectively identifies components
s that display the narrowband peak structure of neural alpha-band rhythms with significant
s alpha power exceeding 1/f-activity, in the presence of noise, reducing the need for extensive
s preprocessing. This approach also reduces the chance of conflation of oscillatory and 1/f-
si0  activity in this context (Cellier et al., 2021). We used these spatial filters to linearly transform
sa the broadband activity across electrodes into component time series, enabling the quantification
sz of waveform shape across rhythms, diagnoses, and development.

s:3 This analysis demonstrated that both occipital alpha and sensorimotor mu have distinct, non-
s sinusoidal waveforms. We replicated long-standing findings that occipital alpha has lower
ss frequency and higher amplitude than sensorimotor mu at a large scale (up to 1605 participants).
sss Through our time series analysis of waveform shape, we were able to quantify the observed
si7  qualitative differences between the waveform shape of occipital alpha and sensorimotor mu.
s Moreover, the waveform asymmetry differences we found were much stronger than the well-
s established differences in frequency and amplitude, suggesting that the principal difference
sso between these rhythms lies in the distinct asymmetries of each rhythm’s stereotyped waveform.
ss. Both these rhythms show substantial changes in waveform shape across development, increas-
s2  ing in frequency and amplitude and becoming more nonsinusoidal. Differences in waveform
ss3 features are already present at age five, and the rate at which these waveform features change
sss - across development is significantly different between alpha and mu. Despite the significant
sss  differences between the waveforms of alpha and mu, neither rhythm showed any statistically
sss  significant difference in waveform shape across the examined diagnoses.

ss7  Implications

sss  Foremost, our quantitative analyses show that a mu rhythm can be identified only in a fraction
sso  of participants, matching more qualitative descriptions of previous literature. This underscores
s the critical need to verify the existence of an oscillation (Donoghue, Schaworonkow, and
s Voytek, 2021) before oscillatory measures are subjected to further analysis to increase validity
sz and reliability of results. If an oscillation is present only in a fraction of participants, there may
ses  be robust group-level effects, but it may be challenging to use this measure as a biomarker, given
ses its lack of presence in individuals. As the mu rhythm is often investigated in a developmental
ses  context, this pertains to a number of developmental studies. While our results demonstrate
s the importance of verifying the existence of the mu rhythm in developmental studies, this
s7  consideration extends beyond studies of the mu rhythm across development and is of importance
s for all studies investigating changes in brain rhythms, given the variability in how they manifest
s within and across participants. Multiple different modeling approaches have been employed to
so understand the generation of alpha-band rhythms. Quantifying the waveform shape of the
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sn distinct thythm types that can be measured in the human EEG will aid in constraining generative
sz models of alpha-band rhythms, for which the underlying generators are still insufhiciently
s understood (Halgren et al., 2019). Neural mass models have been used to represent the average
s membrane potential and firing rate of large numbers of neurons (Lopes Da Silva et al., 1976),
si5 - generating rhythmic activity similar to biologically observed alpha rhythms (Jansen and Rit,
s 1995), and making it possible to connect features derived from data, such as peak frequency
s and waveform shape to physiologically interpretable model parameters, such as maximum
st postsynaptic potential amplitude, firing rates, or connection strengths between populations. To
s our knowledge, generative biophysical models for different types of alpha rhythms that take
s waveform shape into account have not yet been developed. Our findings show that both alpha
see. - and mu rhythms have stereotyped, nonsinusoidal waveforms that become more asymmetrical
sz across development. Such robust descriptive statistics will aid in the constraining of future
ses generative biophysical models for these rhythms, which should account for these differences in
sss waveform shape, both across rhythms and across development.

s While important for understanding electrophysiological data at the level of local field potentials
sss and EEG, these models fail to explain rhythm genesis at the level of synapses and individual
sy neurons, which constitutes a promising target for interventions that seek to ameliorate cognitive
sss deficits associated with these rhythms. As a first step, we have provided a conceptual model
s of waveform shape and the relationship between spike synchrony and waveform asymmetry
s of local field potentials in recent work (Garcia-Rosales, Schaworonkow, and Hechavarria,
s 2024). In this work, a relationship to measures derived from spiking activity (spike synchrony
s across units, spike-LFP phase relationships, and pairwise phase consistency) have been shown
si3 to relate to the waveform asymmetry when examined across regions. There has been work
ss  investigating oscillations across development in animal models (Bitzenhofer, Pépplau, and
ss  Hanganu-Opatz, 2020; Caveness, 1962), but without investigation of waveform shape. Future
s animal studies could investigate regionally specific oscillations across development, focusing
s7 - on two key aspects: first, whether oscillatory waveforms change during development, and
sss  second, whether these changes are related to the aforementioned spike activity measures.
s9  Descriptive studies across species and developmental stages will enable us to draw parallels
s between models of rhythmogenesis and establish correspondences between regionally specific
sor rthythm types in humans and animals. Our findings add to an already-substantial amount
ez of studies showing that developmental changes in oscillations are dramatic (Freschl et al.,
ez 2022), despite significant inter-individual variability in the precise timing of such changes. The
e0s structural and physiological changes that underlie these pronounced changes across development
ss remain unknown. Understanding these structural and physiological underpinnings of alpha-
ss band rhythms will likely be crucial for future interventions that aim to mitigate the functional
sor deficits that have been correlated with alpha-band power differences. The developmental
ss trajectories of structural brain characteristics, such as gray matter volume, white matter volume,
eo and cortical thickness, have been well-documented (Bethlehem et al., 2022). In future studies,
a0 these developmental trajectories of structural brain features could be related to the development
s trajectories of alpha-band waveform features to establish candidate structural contributors to
sz changes in alpha-band waveform that can be tested more rigorously. Furthermore, these
a3 changes in resting-state alpha-band waveform features may reflect changes in cognitive abilities
ae  across development, given the implication of alpha rhythms in working memory (Foster et al.,
a5 2016; Jokisch and Jensen, 2007; Ede, 2018) and attention (Klimesch, 2012; Snyder and Foxe,
eis  2010) and the improvements across development in working memory (Gathercole et al., 2004;
a7 Kwon, Reiss, and Menon, 2002) and attention (Luna et al., 2004; Rueda, Posner, and Rothbart,
s 2005).
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es  Contrary to work implicating beta waveform shape in Parkinson’s disease (Cole, van der Meij,
0 etal., 2017), we found no significant differences in alpha-band rhythm features for either of
1 two prominent neurodevelopmental disorders. This is consistent with recent work from Dede
ez and colleagues (Dede et al., 2023) that failed to find a single biomarker for ASD after extracting
e a high number of measures from resting-state EEG (in sensor space, including band-power and
24 frequency measures) in a dataset of 776 individuals. There is large inter-individual variation in
es alpha-band rhythm features, but high internal consistency (Lopez et al., 2023), which hints
e  at the fact that usage of longitudinal data (Gabard-Durnam et al., 2019) may be a promising
e approach to capture diagnosis-related information sufficiently. There is well-documented
s heterogeneity within both ASD (Lord et al., 2018; Happé and Ronald, 2008) and ADHD
o (Nigg, Tannock, and Rohde, 2010; Sonuga-Barke and Halperin, 2010) populations. Given this
s heterogeneity, we conducted several control analyses, taking into account clinical subtypes,
e symptom severity, comorbidities, and cognitive abilities. None of these control analyses resulted
s2 in a significant difference in waveform features. Our analysis suggests that it is challenging to
63 use single-session resting-state oscillations for the construction of predictive biomarkers in the
s case of ADHD and autism, but does not rule out that a more specific task-operationalization of
e deficits may be used to uncover disorder-specific physiology, e.g. in specialized social paradigms
e for autism or attentional paradigms for ADHD (Vollebregt et al., 2016; Ter Huurne et al., 2017;
s Oberman et al., 2005). In summary, the need to go beyond resting-state analyses in this context
es is highlighted here, in order to yield robust and reproducible results, which is a challenge in
e this context (Lefebvre et al., 2018).

es0 Limitations

s There are two notable limitations regarding the recruitment strategy and exclusion criteria
e of the original paper. First, because of the recruitment strategy, those not given a diagnosis
a3 after going through the full Healthy Brain Network protocol may still present overlapping
s symptoms to those diagnosed with ADHD or ASD without meeting the diagnostic thresholds
as for either disorder. We addressed this concern through examination of waveform features
ss across ADHD subtypes, scores in an ADHD-specific assessment (Conners 3 questionnaire),
e and scores in an ASD-specific assessment (ASSQ). While these analyses mirrored the main
s findings of no significant differences in waveform features across diagnoses, it remains possible
a9 that overlapping symptoms of those given no diagnosis reduce the ability to observe statistical
s differences in alpha and mu waveform features. Second, since the exclusion criteria included
61 severe cognitive impairment, our findings do not pertain to children with intellectual disability.
sz This is particularly notable in the case of autism, where 37.9% of school age children with
o3 autism have intellectual disability (Maenner, 2023). As such, the ASD participants do not reflect
s« the full spectrum of autistic individuals.

sss There are two notable limitations regarding the recruitment strategy and exclusion criteria
sss  of the original paper. First, because of the recruitment strategy, those not given a diagnosis
o7 after going through the full HBN protocol may still present overlapping symptoms to those
ess  diagnosed with ADHD or ASD without meeting the diagnostic thresholds for either disorder.
sss  We addressed this concern through examination of waveform features across ADHD subtypes,
so scores in an ADHD-specific assessment (Conners 3 questionnaire), and scores in an ASD-
s specific assessment (ASSQ). While these analyses mirrored the main findings of no significant
s2 differences in waveform features across diagnoses, it remains possible that overlapping symptoms
ss  of those given no diagnosis reduce the ability to observe statistical differences in alpha and mu
ses  waveform features. Second, since the exclusion criteria included severe cognitive impairment,
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ses our findings do not pertain to children with intellectual disability. This is particularly notable in
s the case of autism, where 37.9% of school age children with autism have intellectual disability
s (Maenner, 2023). As such, the ASD participants do not reflect the full spectrum of autistic
ees individuals.

ss  Given the heterogeneous data quality of a developmental EEG dataset, we made several design
s choices in our processing pipeline. First, we focused on high-SNR alpha-band rhythms,
o discarding any rhythms with SNR < 5 dB. The size of the dataset allowed us to be conservative
ez in our rhythm classification while maintaining high statistical power for comparisons across
o3 the two rhythm types. Such a stringent SNR criterion would severely limit the number of
e SSD components one could extract for other rhythms with lower SNR (e.g., beta rhythms)
ers and might prove unnecessarily stringent for datasets that are inherently less noisy or have
o been more thoroughly preprocessed. Second, we discarded parietal alpha-band rhythms in
e this study. Occipital alpha and sensorimotor mu have well-established roles in modulation of
o3 sensory processing, while parietal alpha rhythms are modulated by attentional effort and only
e indirectly affect sensory processing (Sokoliuk et al., 2019). Given the hypotheses we aimed
s0 to test in this paper, we discarded the parietal alpha rhythms from our analysis, even though
ssr our results show that SSD could be used to identify parietal alpha rhythms in resting-state
s2 in future studies. Third, brain size changes substantially during development and displays
s3  inter-individual variation, and we used a template brain averaged across ages 5-18. As such, our
s source localization procedure could have failed to properly localize components especially for
sss  the youngest and oldest children, whose brain sizes deviate most from the template brain used.
sss  Despite this concern, the distribution of identified components across age remained consistent
ssv  with the participants’ age distribution (top right of Fig. 1A). We also chose to include premotor
ess  areas and use a slightly larger ROI for the sensorimotor region to compensate for possible
s imprecision in the source localization. Fourth, because our primary hypotheses focused on
e0 waveform shape differences across age and diagnoses, we focused on across-participants analyses
en and looked only at the component with highest SNR for each rhythm type (occipital alpha
e and sensorimotor mu). The large number of participants allowed us to make high-powered
o3 statistical inferences for our developmental research questions even with this limitation. That
oa  said, future studies should investigate whether these across-participant findings replicate within
es individuals in longitudinal data. These studies could use our spatial filtering approach to
e compare rhythms of the same type within participants, given that SSD is able to distinguish
esr rhythms coming from the same cortical area in the same frequency band (Schaworonkow and
698 Voytek, 20213.).

es Conclusion

w0 Occipital alpha rhythms and sensorimotor mu rhythms are difficult to disentangle in sensor-
71 space EEG due to volume conduction, with occipital alpha dominating even the central channels.
72 Using data-driven spatial filters, we extracted time series for alpha and mu components with
73 high alpha SNR from a large developmental dataset. Analysis of the time series of these alpha-
74 band components replicated findings of lower frequency and higher amplitude for alpha than
s for mu. We demonstrated that mu waveforms are more asymmetrical than alpha waveforms.
16 We extended previous findings of alpha-band rhythms undergoing large changes in frequency
7 during development, showing that waveform shape measures also change substantially across
s development. While none of these resting-state changes appear to be associated with ADHD
19 or autism in our dataset, characterizing differences across rthythm types remains vital for
70 constraining generative models for alpha-band rhythms.
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Figure Al: Alpha-band peak detection rate by age. Histogram of ages for participants with file
downloaded and analyzed (gray) and with alpha peak detection by spectral parameterization

(purple). The detection rate (black line) is the percentage of the participants for which an alpha
peak was detected.
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Figure A2: Goodness-of-fit metrics for spectral parameterization across development. R?

(blue) and mean absolute error (red) binned by year with lower bound of age shown, with the
first bin being (5, 6].
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Figure A3: SSD removes high-frequency noise from power spectra. (A) Power spectra for two
occipital channels (red) and two sensorimotor channels (green) from one participant. (B) Power
spectra for alpha component (pink) and mu component (green) from the same participant.
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712 Appendix B

frequency [Hz] normalized amplitude peak-trough asymmetry rise-decay asymmetry

within participants = t=-2.965e+00 t=1.436e+01 t=-1.006e+01 t=-4.476e+00
(paired t-test) p=2.514e-02 p=4.492e-41 p=1.406e-20 p=7.509e-05
d=-1.685e-01 d=6.972¢-01 d=-8.473e-01 d=-2.947e-01
across participants  t=-3.464e+00 t=8.814e+00 t=-9.003e+00 t=-3.526e+00
(unpaired t-test) p=5.136e-03 p=3.228e-15 p=9.306e-16 p=4.120e-03
d=-1.605e-01 d=7.300e-01 d=-8.602e-01 d=-3.393e-01

Table B1: Statistical testing for differences in waveform features between alpha and mu
rhythms. t-values, Cohen’s d, and Bonferroni-corrected p-values across waveform features.
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Figure C1: Assessing linear and nonlinear changes in waveform features with age. (A) Fit
of waveform features with age for linear (solid line) and nonlinear (GAM) models (dashed line
with 95% confidence interval) for alpha (pink, left) and mu (green, right) rhythms. (B) Residuals
of linear model fits for waveform features with age for alpha (pink, left) and mu (green, right)
rhythms.
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Figure C2: Alpha and mu rhythm waveform features across development for eyes open and
eyes closed conditions. (A) Alpha (pink) and mu (green) waveform features (frequency, rise-
decay and peak-trough asymmetry, normalized amplitude) by age across participants for the
eyes closed condition. (B) same as (A) but for the eyes open condition. (C) Slope of linear
model for alpha and mu rhythm for both eyes closed (EC) and eyes open (EO). Boxes denote
interquartile range, and whiskers denote 95% confidence interval of bootstrapped feature values
(10,000 iterations). (D) Intercept of linear model for alpha and mu rhythm for both EC and EO.
Boxes denote interquartile range, and whiskers denote 95% confidence interval of bootstrapped
feature values (10,000 iterations).
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Figure C3: Waveform features across age, for participants with both rhythm types (N=239). (A)
Alpha (pink) and mu (green) waveform features (frequency, rise-decay and peak-trough asymme-
try, normalized amplitude) by age across participants who have both alpha and mu rhythms. (B)
Slope of linear model for alpha and mu rhythm for all participants versus slopes for participants
with both rhythm types (light pink and light green colors). Boxes denote interquartile range,
and whiskers denote 95% confidence interval of bootstrapped feature values (10,000 iterations).
(C) Intercept of linear model for alpha and mu rhythm for all participants versus intercepts for
participants with both rhythm types. Boxes denote interquartile range, and whiskers denote 95%
confidence interval of bootstrapped feature values, 10,000 iterations. Both slopes and intercepts
for participants with both rhythm types are consistent with those across all participants.
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Figure D1: Waveform features with eyes open across ADHD and ASD diagnoses compared to
typically developing participants. (A) Alpha rhythm components: waveform features (frequency,
rise-decay and peak-trough asymmetry, normalized amplitude) with eyes open in participants
who received an ADHD and ASD diagnosis, and for participants who did not receive a diagnosis
(ADHD: N=639, ASD: N=129, no diagnosis N=109). (B) mu rhythm components: waveform features
with eyes open in participants who received an ADHD and ASD diagnosis, and for participants
without a diagnosis (ADHD: N=167, ASD: N=30, no diagnosis N=30). No statistically significant
difference between the two disorder groups and typically developing participants was found for
any waveform feature and rhythm type during eyes open.
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Figure D2: Waveform features with eyes closed across ADHD and ASD diagnoses compared to
typically developing participants. (A) Alpha rhythm components: waveform features (frequency,
rise-decay and peak-trough asymmetry, normalized amplitude) with eyes closed in participants
who received an ADHD and ASD diagnosis, and for participants who did not receive a diagnosis
(ADHD: N=639, ASD: N=129, no diagnosis N=109). (B) mu rhythm components: waveform features
with eyes closed in participants who received an ADHD and ASD diagnosis, and for participants
without a diagnosis (ADHD: N=167, ASD: N=30, no diagnosis N=30). No statistically significant
difference between the two disorder groups and typically developing participants was found for
any waveform feature and rhythm type during eyes closed.
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Figure D3: Alpha rhythm regression coefficient estimates using bootstrapping across diag-
noses. Slope and intercept for three participant groups: participants who received an ADHD
diagnosis, an ASD diagnosis, and participants who did not receive a diagnosis. Bootstrapping
iterations: N=10,000.
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Figure D4: Mu rhythm regression coefficient estimates using bootstrapping across diagnoses.
Same as Fig. D3, but for the mu rhythm.

thythm feature Source SS DF F p-unc np2
Alpha  frequency [Hz] Diagnosis  3.079578 3 1.453295 0.226037 0.005689
Alpha  rise-decay asymmetry Diagnosis  0.000453 3 0.765391 0.513629 0.003004
Alpha  peak-trough asymmetry Diagnosis 0.000525 3 1.281284 0.279646 0.005019
Alpha  normalized amplitude Diagnosis  0.134266 3 0302939 0.823287 0.001191
Mu frequency [Hz] Diagnosis  3.178998 3 1.628719 0.184088 0.024817
Mu rise—decay asymmetry Diagnosis  0.000405 3 0.421879 0.737518 0.006549
Mu peak—trough asymmetry Diagnosis 0.002276 3 1.215632 0.305272 0.018640
Mu normalized amplitude Diagnosis  0.121427 3 0.525870 0.665016 0.008150

Table D1: ANCOVA for each waveform feature across ADHD subtypes. The ANCOVA was per-
formed across the following subtypes: Hyperactive/Impulsive, Inattentive, and Combined (both
Hyperactive/Impulsive and Inattentive). There was no significant difference in waveform features
between any of the subtypes and participants with no diagnosis, even before any correction for
multiple comparisons was performed.
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thythm X Y n r CI95% p-unc p-corr
Alpha frequency [Hz] Defiance/Aggression 589  0.018650  [-0.06, 0.1] 0.651761  0.829513
Alpha  frequency [Hz] Family Relations 580 0027436 [-0.05,0.11] 0506699  0.783296
Alpha  frequency [Hz] Hyperactivity/Impulsivicy 589 -0.036828  [-0.12,0.04] ~ 0.372701  0.783296
Alpha frequency [He] Inattention 589  -0.013893  [-0.09, 0.07] 0.736728  0.878203
Alpha frequency [Hz] Learning Problems 589 0.002752  [-0.08,0.08]  0.946904  0.946904
Alpha frequency [He] Negative Impression 589 0.027302  [-0.05, 0.11] 0.508767  0.783296
Alpha frequency [He] Positive Impression 589  -0.033122 [-0.11, 0.05] 0.422745  0.783296
Alpha rise-decay asymmetry Defiance/Aggression 589  -0.025094  [-0.11, 0.06] 0.543652  0.783296
Alpha rise-decay asymmetry Family Relations 589  -0.026930  [-0.11,0.05]  0.514562  0.783296
Alpha rise-decay asymmetry Hyperactivity/Impulsivity 589 -0.060911  [-0.14, 0.02] 0.140145  0.783296
Alpha rise-decay asymmetry Inattention 589  -0.059531  [-0.14, 0.02] 0.149371  0.783296
Alpha rise-decay asymmetry Learning Problems 589  -0.002815 [-0.08, 0.08] 0.945699  0.946904
Alpha rise-decay asymmetry Negative Impression 589  -0.028815  [-0.11,0.05] 0.485555  0.783296
Alpha rise-decay asymmetry Positive Impression 589 0.010953  [-0.07,0.09]  0.790985  0.885903
Alpha peak-trough asymmetry ~ Defiance/Aggression 589 0.042358  [-0.04, 0.12] 0.305176  0.783296
Alpha peak-trough asymmetry ~ Family Relations 589 0.048497  [-0.03, 0.13] 0.240319  0.783296
Alpha peak-trough asymmetry ~ Hyperactivity/Impulsivicy 589 0.031131  [-0.05,0.11] ~ 0.451176  0.783296
Alpha peak-trough asymmetry  Inattention 589 0.048087  [-0.03,0.13]  0.244328  0.783296
Alpha peak-trough asymmetry  Learning Problems 589 0.053681  [-0.03,0.13] 0.193647  0.783296
Alpha peak-trough asymmetry ~ Negative Impression 589 0.033159  [-0.05, 0.11] 0.422223  0.783296
Alpha peak-trough asymmetry  Positive Impression 589  -0.056150  [-0.14,0.02]  0.173911  0.783296
Alpha normalized amplitude Defiance/Aggression 589 0.043450  [-0.04,0.12]  0.292861  0.783296
Alpha normalized amplitude Family Relations 589 0.020260  [-0.06, 0.1] 0.623939  0.829513
Alpha normalized amplitude Hyperactivity/Impulsivicy 589 -0.013018  [-0.09, 0.07] 0.752745  0.878203
Alpha normalized amplitude Inattention 589  -0.003793  [-0.08,0.08]  0.926882  0.946904
Alpha normalized amplitude Learning Problems 589 0.026306 [-0.05,0.11]  0.524352  0.783296
Alpha normalized amplitude Negative Impression 589  -0.024115  [-0.1, 0.06] 0.559497  0.783296
Alpha normalized amplitude Positive Impression 589  -0.032002 [-0.11, 0.05] 0.438597  0.783296
Mu frequency [He] Defiance/Aggression 172 0.145708  [-0.0, 0.29] 0.057227  0.347128
Mu frequency [He] Family Relations 172 0.090436  [-0.06, 0.24] 0.239459  0.609531
Mu frequency [Hz] Hyperactivity/Impulsivity 172 0.024182  [-0.13,0.17] 0.753564  0.953161
Mu frequency [Hz] Inattention 172 -0.053200 [-0.2,0.1] 0.489527  0.806279
Mu frequency [He] Learning Problems 172 -0.076220  [-0.22, 0.07] 0.321767  0.663533
Mu frequency [He] Negative Impression 172 0.004880 [-0.15, 0.15] 0.949489  0.953161
Mu frequency [Hz] Positive Impression 172 -0.008674 [-0.16, 0.14] 0.910354  0.953161
Mu rise-decay asymmetry Defiance/Aggression 172 0.056574  [-0.09, 0.2] 0.462365  0.806279
Mu rise-decay asymmetry Family Relations 172 0.091516  [-0.06, 0.24] 0.233869  0.609531
Mu rise-decay asymmetry Hyperactivity/Impulsivicy 172 -0.025916  [-0.18, 0.12] 0.736518  0.953161
Mu rise-decay asymmetry Inattention 172 0.073563  [-0.08, 0.22] 0.338974  0.663533
Mu rise-decay asymmetry Learning Problems 172 0.111600  [-0.04, 0.26] 0.146169  0.544552
Mu rise—decay asymmetry Negative Impression 172 -0.004525 [-0.15, 0.15] 0.953161  0.953161
Mu rise—decay asymmetry Positive Impression 172 0.005489  [-0.14, 0.16] 0.943200 0.953161
Mu peak-trough asymmetry ~ Defiance/Aggression 172 0.017669  [-0.13,0.17] ~ 0.818578  0.953161
Mu peak-trough asymmetry  Family Relations 172 0.080552  [-0.07, 0.23] 0.294946  0.663533
Mu peak—trough asymmetry Hyperactivity/lmpulsivity 172 -0.071095 [-0.22, 0.08] 0.355464  0.663533
Mu peak—trough asymmetry  Inattention 172 -0.112248  [-0.26, 0.04] 0.143827  0.544552
Mu peak-trough asymmetry  Learning Problems 172 -0.154724  [-0.3,-0.0] 0.043318  0.347128
Mu peak-trough asymmetry ~ Negative Impression 172 -0.234589  [-0.37,-0.09]  0.002013  0.056353
Mu peak—trough asymmetry  Positive Impression 172 0.143041  [-0.01, 0.29] 0.061987  0.347128
Mu normalized amplitude Defiance/Aggression 172 0.104193  [-0.05, 0.25] 0.175034  0.544552
Mu normalized amplitude Family Relations 172 0.195199  [0.05, 0.34] 0.010513  0.147178
Mu normalized amplitude Hyperactivity/Impulsivicy 172 0.016877  [-0.13,0.17] ~ 0.826582  0.953161
Mu normalized amplitude Inattention 172 -0.027010 [-0.18, 0.12] 0.725835  0.953161
Mu normalized amplitude Learning Problems 172 0.018988  [-0.13,0.17] 0.805295  0.953161
Mu normalized amplitude Negative Impression 172 -0.027468  [-0.18,0.12]  0.721369  0.953161
Mu normalized amplitude Positive Impression 172 0.105868  [-0.04,0.25]  0.168164  0.544552

Table D2: Correlation between Conners scores and waveform features. Correlation between

different subscores of the Conners 3 - Self-Report and waveform features for all participants for
which Conners scores are available.
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thythm X Y n r  CI95% p-unc p-corr
Alpha frequency [Hz] Defiance/Aggression 441 0.042072  [-0.05,0.14]  0.378649  0.873179
Alpha  frequency [Hz] Family Relations 441 0076321 [-0.02,017]  0.109887  0.675339
Alpha  frequency [Hz] Hyperactivity/Impulsivity 441 -0.009286  [-0.1,0.08] ~ 0.845988  0.906303
Alpha frequency [Hz] Inattention 441 0.033862  [-0.06,0.13]  0.478652  0.873179
Alpha frequency [Hz] Learning Problems 441 0.015837  [-0.08,0.11]  0.740439  0.906303
Alpha frequency [Hz] Negative Impression 441 0.028726  [-0.06,0.12]  0.547859  0.873179
Alpha frequency [Hz] Positive Impression 441 -0.033487 [-0.13,0.06] 0.483530  0.873179
Alpha rise-decay asymmetry Defiance/Aggression 441 -0.018054 [-0.11,0.08] 0.705690  0.906303
Alpha rise-decay asymmetry Family Relations 441 -0.031263 [-0.12,0.06] 0.513069  0.873179
Alpha rise-decay asymmetry Hyperactivity/Impulsivity ~ 441 -0.047741  [-0.14,0.05] 0317726  0.873179
Alpha rise-decay asymmetry Inattention 441 -0.019727 [-0.11,0.07] 0.679854  0.906303
Alpha rise-decay asymmetry Learning Problems 441 0.031254  [-0.06,0.12]  0.513188  0.873179
Alpha rise-decay asymmetry Negative Impression 441 0.005627  [-0.09, 0.1] 0.906303  0.906303
Alpha rise-decay asymmetry Positive Impression 441 0.007344  [-0.09, 0.1] 0.877916  0.906303
Alpha peak-trough asymmetry ~ Defiance/Aggression 441 0.070797  [-0.02,0.16]  0.138156  0.675339
Alpha peak-trough asymmetry ~ Family Relations 441 0.068681  [-0.02,0.16]  0.150359  0.675339
Alpha peak-trough asymmetry ~ Hyperactivity/Impulsivity 441 0.068798  [-0.02,0.16]  0.149666  0.675339
Alpha peak-trough asymmetry  Inattention 441 0.040079  [-0.05,0.13]  0.401669  0.873179
Alpha peak-trough asymmetry ~ Learning Problems 441 0.077361  [-0.02,0.17]  0.105116  0.675339
Alpha peak-trough asymmetry ~ Negative Impression 441 0.008447  [-0.09,0.1]  0.859752  0.906303
Alpha peak-trough asymmetry ~ Positive Impression 441 -0.066632  [-0.16,0.03]  0.162940  0.675339
Alpha normalized amplitude Defiance/Aggression 441 0.062182  [-0.03,0.15]  0.192954  0.675339
Alpha normalized amplitude Family Relations 441 0.027765 [-0.07,0.12] 0561329  0.873179
Alpha normalized amplitude Hyperactivity/Impulsivity ~ 441 -0.009206  [-0.1,0.08]  0.847299  0.906303
Alpha normalized amplitude Inattention 441 -0.023765 [-0.12,0.07] 0.619079  0.906303
Alpha normalized amplitude Learning Problems 441 0.035752  [-0.06,0.13]  0.454428  0.873179
Alpha normalized amplitude Negative Impression 441 -0.063099 [-0.16,0.03] 0.186460  0.675339
Alpha normalized amplitude Positive Impression 441 -0.012462 [-0.11,0.08] 0.794352  0.906303
Mu frequency [Hz] Deﬁance/Aggression 128 0.179917  [0.01, 0.34] 0.042963  0.449300
Mu frequency [Hz] Family Relations 128 0.161064  [-0.01,0.33] 0.070453  0.449300
Mu frequency [Hz] Hyperactivity/Impulsivicy 128 0.000673  [-0.17,0.17]  0.994007  0.994007
Mu frequency [Hz] Inattention 128  -0.062326  [-0.23,0.11] 0.486362  0.716744
Mu ﬁ’equency [Hz] Learning Problems 128  -0.055451 [-0.23,0.12]  0.535782  0.750095
Mu frequency [Hz] Negative Impression 128 0.006848  [-0.17,0.18]  0.939091  0.994007
Mu frequency [Hz] Positive Impression 128 -0.004934  [-0.18,0.17] 0.956091  0.994007
Mu rise—decay asymmetry Deﬁance/Aggression 128 0.073236  [-0.1, 0.24] 0.413207  0.642766
Mu rise-decay asymmetry Family Relations 128 0.145279  [-0.03,0.31]  0.103169  0.449300
Mu rise-decay asymmetry Hyperactivity/Impulsivity 128 -0.047378  [-0.22,0.13]  0.596845  0.759621
Mu rise—decay asymmetry Inattention 128 0.048717  [-0.13,0.22] 0.586506  0.759621
Mu rise-decay asymmetry Learning Problems 128 0.122858  [-0.05,0.29]  0.168799  0.449300
Mu rise—decay asymmetry Negative Impression 128 0.078933  [-0.1, 0.25] 0.377716  0.642766
Mu rise—decay asymmetry Positive Impression 128 0.124824  [-0.05,0.29]  0.162035  0.449300
Mu peak-trough asymmetry ~ Defiance/Aggression 128 0.032824  [-0.14,0.21] 0.714107  0.833125
Mu peak-trough asymmetry ~ Family Relations 128 0.120688  [-0.05,0.29]  0.176511  0.449300
Mu peak-trough asymmetry ~ Hyperactivity/Impulsivity 128 -0.108042  [-0.28,0.07]  0.226634  0.528812
Mu peak—trough asymmetry  Inattention 128  -0.088472  [-0.26,0.09]  0.322607  0.642766
Mu peak—trough asymmetry  Learning Problems 128  -0.087755 [-0.26,0.09]  0.326560  0.642766
Mu peak—trough asymmetry  Negative Impression 128  -0.139189  [-0.31,0.04] 0.118599  0.449300
Mu peak-trough asymmetry  Positive Impression 128 0.174109  [-0.0, 0.34] 0.050267  0.449300
Mu normalized amplitude Defiance/Aggression 128 0.121244  [-0.05,0.29]  0.174509  0.449300
Mu normalized amplitude Family Relations 128 0.290474  [0.12, 0.44] 0.000924  0.025859
Mu normalized amplitude Hyperactivity/Impulsivity ~ 128 -0.001875  [-0.18,0.17]  0.983306  0.994007
Mu normalized amplitude Inattention 128 0.039592  [-0.14,0.21]  0.658528  0.801687
Mu normalized amplitude Learning Problems 128 0.142066  [-0.03,0.31]  0.111102  0.449300
Mu normalized amplitude Negative Impression 128 0.075043  [-0.1, 0.25] 0.401740  0.642766
Mu normalized amplitude Positive Impression 128 0.074188  [-0.1, 0.25] 0.407142  0.642766

Table D3: Correlation between Conners scores and waveform features, only ADHD group.

Correlation between different subscores of the Conners 3 - Self-Report and waveform features
for the ADHD group. See Table D3 for abbreviations.

33


https://doi.org/10.1101/2023.10.13.562301
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.10.13.562301; this version posted April 7, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

thythm X Y n r CI95% p-unc p-corr

Alplla frequency [Hz] ASSQ Total 109 -0.197726 [-0.37,-0.01] 0.040246 0.160984
Alpha  rise-decay asymmetry ASSQ Total 109  0.017996 [-0.17,0.21]  0.853340 0.971798
Alpha  peak-trough asymmetry ASSQ Total 109 -0.004972 [-0.19,0.18]  0.959270 0.971798
Alpha  normalized amplitude ASSQ Total 109 -0.003442 [-0.19,0.19]  0.971798 0.971798

Mu frequency [Hz] ASSQ Total 30 -0.116369 [-0.46,0.26]  0.547739 0.910013
Mu rise-decay asymmetry ~ ASSQ Total 30  0.021951 [-0.35,0.39] 0.910013 0.910013
Mu peak-trough asymmetry ASSQ Total 30  0.149534 [-0.23,0.49]  0.438804 0.910013
Mu normalized amplitude ASSQ Total 30 -0.037115 [-0.4,0.33] 0.848414 0.910013

Table D4: Correlation between ASSQ scores and waveform features, only ASD group. No
significant correlation was found between any of the waveform features and the ASSQ scores.

thythm X Y n r CI95% p-unc p-corr

Alpha  frequency [Hz] ASSQ Total 873 0.025724 [-0.04,0.09] 0.448055 0.794258
Alpha  rise-decay asymmetry ASSQ Total 873 -0.008844 [-0.08,0.06] 0.794258 0.794258
Alpha peak—trough asymmetry ASSQ Total 873  0.017391 [-0.05,0.08] 0.608063 0.794258
Alpha  normalized amplitude ~ ASSQ Total 873  0.015952 [-0.05,0.08] 0.638065 0.794258

Mu frequency [He] ASSQ Total 225  0.024818 [-0.11,0.16] 0.711813 0.889591
Mu rise—decay asymmetry ASSQ Total 225 -0.074651 [-0.2, 0.06] 0.265892  0.889591
Mu peak-trough asymmetry ASSQ Total 225  0.050103 [-0.08, 0.18] 0.455580 0.889591
Mu normalized amplitude ASSQ Total 225  0.009327 [-0.12,0.14] 0.889591 0.889591

Table D5: Correlation between ASSQ scores and waveform features, all participants for which
ASSQ is available. No significant correlation was found between any of the waveform features

and the ASSQ scores.
Rhythm  Feature F np2 p-unc p-corr
Alpha frequency [Hz] 1.836953 0.006287 0.138839 0.828708

Alpha rise-decay asymmetry 1.022492 0.003509 0.381886 0.828708
Alpha peak-trough asymmetry 0.331548 0.001141 0.802548 0.937907
Alpha normalized amplitude 0.953035 0.003272 0.414354 0.828708

Mu frequency [Hz] 0.136906 0.001847 0.937907 0.937907
Mu rise-decay asymmetry 0.247669 0.003336 0.862943 0.937907
Mu peak-trough asymmetry 1.452749 0.019254 0.228374 0.828708
Mu normalized amplitude 0.446848 0.006002 0.719772 0.937907

Table D6: ANCOVA for each waveform feature across secondary diagnoses. ANCOVA statistics
to test whether there is difference in waveform features after separating participants with both
ADHD and ASD diagnoses from participants with only ADHD or ASD.
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Figure D5: Alpha waveform features across diagnoses, ADHD+ASD group separately. There is
no significant difference in alpha waveform features between participants with both ADHD and

ASD, ADHD only, ASD only, and participants with no diagnosis.
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Figure D6: Mu waveform features across diagnoses, ADHD+ASD group separately. There is no
significant difference in mu waveform features between participants with both ADHD and ASD,
ADHD only, ASD only, and participants with no diagnosis.
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WISC score Source F p-unc np2
Verbal Comprehension Index Diagnosis  16.408737  9.853858e-08  0.033256
Visual Spatial Index Diagnosis ~ 7.295580  7.170606e-04  0.015064
Processing Speed Index Diagnosis  19.862316  3.540166e-09  0.040056
Working Memory Index Diagnosis  20.406914  2.097635e-09  0.041027
Fluid Reasoning Index Diagnosis ~ 9.386124  9.189387e-05 0.019318
FSIQ Diagnosis  20.991018  1.198413e-09  0.042151

Table D7: Relationship between WISC scores and diagnosis. Results from ANCOVA for WISC
scores with main factor of diagnosis with age as a covariate.

L K]
[} [}
2 2
£ ASD | e ——— S ASD -@——
8 ®
a a
None —e@ None i<>=—
40 60 80 100 120 140 160 60 80 100 120 140 160
Verbal Comprehension Index Visual Spatial Index
ADHD - —%— ADHD - —<—>—
R »
(72} [}
g £
S, ASD H —@— S, ASD - '®>_
8 ©
a a
50 75 100 125 150 60 80 100 120 140 160
Processing Speed Index Working Memory Index
ADHD - —@— ADHD - ——@——
R »
[} [72]
e g
8 ©
a a

60 80 100 120 140 160 40 60 80 100 120 140 160
Fluid Reasoning Index FSIQ

Figure D7: WISC-V scores across diagnoses. Scores for Wechsler Intelligence Scale for Children
(Fifth Edition) across diagnoses. All six scores show significant effect of diagnosis.
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feature rhythm Coef.  Std.Err. P> |t [0.025 0.975]

frequency [Hz] Alpha 0.002084 0.001951 0.285789 -0.001746 0.005914
rise-decay asymmetry ~ Alpha  -0.000005 0.000032 0.884289 -0.000068 0.000059
peak-trough asymmetry  Alpha 0.000021  0.000028 0.456528 -0.000034 0.000075
normalized amplitude Alpha 0.001160 0.000887 0.191174 -0.000581 0.002901

frequency [He] Mu 0.003592  0.003918 0.360438 -0.004136 0.011320
rise-decay asymmetry Mu -0.000024  0.000085 0.778237 -0.000191 0.000144
peak-trough asymmetry Mu 0.000016 0.000118 0.895043 -0.000218  0.000249
normalized amplitude Mu 0.001272  0.001342  0.344192 -0.001374  0.003919

Table D8: Linear model with age and WISC scores as covariates. We fit the following linear
model for each waveform feature: WF ~ Age + Diagnosis + WISC FSIQ scores. All
waveform features remain statistically nonsignificant.
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