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ARTICLE INFO ABSTRACT

Keywords: Decades of electrophysiological work have demonstrated the presence of “spectral slowing” in stroke patients — a
Stroke prominent shift in the power spectrum towards lower frequencies, most evident in the vicinity of the lesion itself.
Magnetoencephalography Despite the reliability of this slowing as a marker of dysfunctional tissue across patient groups as well as animal
Spectral slowing o models, it has yet to be explained in terms of the pathophysiological processes of stroke. To do so requires clear
Spectral parameterization . . . .
Aperiodic dynamics understanding of the neural dynamics that these differences represent, acknowledging the often overlooked fact
1/f scaling that spectral power reflects more than just the amplitude of neural oscillations. To accomplish this, we used a
combination of frequency domain and time domain measures to disambiguate and quantify periodic (oscillatory)
and aperiodic (non-oscillatory) neural dynamics in resting state magnetoencephalography (MEG) recordings
from chronic stroke patients. We found that abnormally elevated low frequency power in these patients was best
explained by a steepening of the aperiodic component of the power spectrum, rather than an enhancement of low
frequency oscillations, as is often assumed. However, genuine oscillatory activity at higher frequencies was also
found to be abnormal, with patients showing alpha slowing and diminished oscillatory activity in the beta band.
These aperiodic and periodic abnormalities were found to covary, and could be detected even in the un-lesioned
hemisphere, however they were most prominent in perilesional tissue, where their magnitude was predictive of
cognitive impairment. This work redefines spectral slowing as a pattern of changes involving both aperiodic and
periodic neural dynamics and narrows the gap in understanding between non-invasive markers of dysfunctional
tissue and disease processes responsible for altered neural dynamics.

patients, as well as animal models, and appears to be a marker of tissue
dysfunction and related impairment (e.g. Assenza et al., 2009; Laakso-

1. Introduction

Electrophysiological methods have been employed in stroke diag-
nosis and research for the better part of a century. Across this large
literature, the predominant finding is that stroke patients exhibit
abnormally elevated “slow” activity, particularly in the vicinity of the
lesion itself (e.g. Ahmed, 1988; Cohn et al., 1948; Laaksonen et al., 2013;
Leemburg et al., 2018; Murri et al., 1998; Nagata et al., 1982; Tecchio
et al., 2005). This elevated activity, typically quantified as increased
spectral power in the delta band (from 1-3 or 1-4 Hz), is detectable
across electrophysiological modalities in both acute and chronic

nen et al., 2013; Meinzer et al., 2008; Tecchio et al., 2007; Zappasodi
etal., 2007). Despite the robustness of this effect, the pathophysiological
processes responsible are unknown, and therefore prospects for reha-
bilitating chronically affected tissue are uncertain. Furthermore, it is
unclear whether additional abnormal features sometimes observed in
stroke, such as diminished high frequency (beta/gamma) power (Chu
et al., 2015; Kielar et al., 2016; Shah-Basak et al., 2020; Tecchio et al.,
2005; van Wijngaarden et al., 2016; Wu et al., 2016), share the same
underlying cause (suggesting a unitary spectral “slowing”), or instead

Abbreviations: MEG, magnetoencephalography; EXP, aperiodic exponent; BCF, beta center frequency; BPW, beta power; BBW, beta bandwidth; TACF, theta-alpha
center frequency; TAPW, theta-alpha power; TABW, theta-alpha bandwidth; DLC, delta lagged coherence; TALC, theta-alpha lagged coherence; BLC, beta lagged

coherence.
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reflect additional complications of the disease.

Understanding the cause of such abnormal spectral features, and
potentially how to normalize them, requires a clear picture of the neural
dynamics they represent. Throughout the literature, and especially since
the advent of spectral analysis in stroke electrophysiology, this
abnormal slow activity has typically been interpreted to reflect
increased amplitude of slow neural oscillations, as suggested by terms
such as “rhythms” or “waves”, if not stated explicitly. This implies that
stroke dysfunction is related to synchronized, rhythmic fluctuation of
membrane potentials across large groups of neurons, such as those
observed during slow wave sleep (Destexhe et al., 1999). However, this
interpretation is not justified, as spectral representations cannot distin-
guish between periodic (i.e. oscillatory, rhythmic) and aperiodic (i.e.
transient, non-rhythmic) processes (Donoghue et al., 2021; He, 2014;
Pritchard, 1992). As such, presence of, or change in, neural oscillations
cannot be inferred from spectral power alone, nor from the amplitude of
band-limited signals (Donoghue et al., 2021).

This conflation of the aperiodic and periodic components raises the
possibility that the elevated low frequency power in stroke is, in fact,
aperiodic in nature. While genuine neural oscillations produce narrow
peaks in the power spectrum, aperiodic activity produces a broadband
component spanning the entire spectrum, with power rapidly falling off
at higher frequencies. More concretely, the aperiodic component tends
to follow a power law function: P « 1/f%, where P is power, f is fre-
quency, and f is the ‘aperiodic exponent’, which determines how steeply
power decreases as frequency increases. Therefore, the enhanced low
frequency power observed in stroke patients could instead reflect a
“rotation” of the aperiodic component towards lower frequencies and
away from higher frequencies. This rotation, quantified by an increase in
the aperiodic exponent B, would instead point to a prominent disruption
of aperiodic rather than oscillatory processes in stroke. Indeed, there is
already some preliminary evidence for a steepening of the aperiodic
slope in animal stroke models (Leemburg et al., 2018) and scalp EEG in
human patients (Lanzone et al., 2022), and a rotation of the aperiodic
background would also explain why the ratio of low frequency to high
frequency spectral power has been a successful measure in clinical
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prognosis (Finnigan and van Putten, 2013). However, there is still a
possibility that true differences in neural oscillations (e.g. a high
amplitude oscillation at the lower end of the fitting range; Gerster et al.,
2021) could produce the same pattern of results.

To adjudicate between these possibilities, we used both frequency
and time domain measures to disentangle the aperiodic and periodic
components of resting-state magnetoencephalography (MEG) signals
from chronic stroke patients. Specifically, we applied specparam
(Donoghue et al.,, 2020), an algorithm that explicitly models and
quantifies the aperiodic (1/f® background) and periodic component
(narrowband peaks) derived from the power spectrum. Looking beyond
spectral power, we also applied lagged coherence (Fransen et al., 2015),
which quantifies the rhythmicity of the signal in the time domain,
providing a complementary measure of periodic activity, if present. By
combining these methods, we were able to determine whether elevated
low frequency power is attributable to periodic or aperiodic processes,
and provide a much more complete characterization of any additional
abnormalities in stroke than is currently available. Additionally, we
investigated the spatial distribution of these abnormalities by localizing
MEG signals to their cortical sources. Our primary focus was tissue in the
vicinity of the lesion itself (perilesional tissue), which is known to
demonstrate the most prominent electrophysiological abnormalities, but
also examined how areas more distant to the lesion, particularly the un-
lesioned hemisphere, also exhibit abnormal activity, reflecting the
notion of ‘diaschisis’ (Feeney and Baron, 1986; Finger et al., 2004).
Together, these are critical steps towards more precisely-defined, reli-
able markers of dysfunctional tissue, that provide new insight into un-
derlying neural dynamics, facilitating physiological interpretation and
potentially rehabilitation.

2. Methods
2.1. Participants

Our sample included twenty-three chronic stroke patients (seventeen
men, six women) drawn from two prior studies (Kielar et al., 2016; Shah-

Stroke patient demographic and lesion characteristics. See Kielar et al. (2016) and Shah-Basak et al. (2020) for further information.

Patient Cohort Age (years) Education (years) Sex  Handedness  Time post-onset  Etiology Lesion volume (mm?) % brain volume lesioned
P1 Kielar 67 21 M R 15y 6 m Hemorrhagic 217,065 13.76
P2 Kielar 70 24 M R 1y Ischemic 2952 0.21
P3 Kielar 75 15 M R 2y 5m Ischemic 48,137 2.54
P4 Kielar 79 10 M R 2y1lm Ischemic 32,901 2.44
P5 Kielar 46 15 M R 2y3m Ischemic 30,861 2.20
P6 Kielar 62 16 M R ly2m Ischemic 38,064 2.61
P7 Kielar 84 19 M R 10y Ischemic 4501 0.29
P8 Kielar 73 19 M L 5y 8 m Hemorrhagic 21,589 1.48
P9 Kielar 77 20 M R 7 m Ischemic 22,910 1.38
P10 Kielar 66 20 M R 5y 3m Unspecified 81,473 5.86
P11 Kielar 46 16 M R 4y Ischemic 99,098 6.71
P12 Kielar 57 12 M R 2y Unspecified 115,811 8.81
P13 Kielar 65 20 M R 7y 1m Ischemic 177,022 12.72
P14 Kielar 60 14 F R 8y 8 m Unspecified 84,290 6.23
P15 Kielar 69 15 M R ly Ischemic 7645 0.57
P16 Kielar 68 13 F R 3y4m Hemorrhagic 21,796 1.81
P17 Kielar 68 14 F R 5y 6 m Hemorrhagic 45,874 3.24
P18 Shah- 61 16 M R 4y Ischemic 27,118 2.05
Basak
P19 Shah- 34 19 F R 4y Ischemic 21,004 1.55
Basak
P20 Shah- 41 18 M R 5y 9m Ischemic 50,942 3.90
Basak
P21 Shah- 75 18 F R 2y1lm Ischemic 7012 0.54
Basak
P22 Shah- 68 16 M R 4y 10 m Hemorrhagic 10,165 0.67
Basak
P23 Shah- 46 18 F R 4y 2m Unspecified 36,942 2.94
Basak
Mean (SD) 63.35(12.98) 16.87 (3.24) 4.56y (3.51y) 3.67 (3.75)
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Basak et al., 2020), with an average age of 63.4 years (SD = 13.0 years),
and 16.9 years (SD = 3.24 years) of education. All patients had a single
left-hemispheric stroke (mostly ischemic, see Table 1) at least six months
prior to data collection (average time post onset = 4.6 years, SD = 3.5
years), and demonstrated symptoms of aphasia. All patients were right-
handed except one. See Table 1 for further details.

Patients were matched for age (t(44) = —1.028, p = 0.310) and
education (t(44) = —0.928, p = 0.358) with a sample of twenty-three
healthy control participants (seventeen men, six women) from the
same studies as above. Control participants had a mean age of 66.9 years
(SD = 10.4), and 17.7 years (SD = 2.4) of education.

All data collection took place at the Rotman Research Institute in
Toronto, Canada, and was approved by the Research Ethics Board at
Baycrest Health Sciences. All participants gave written informed consent
and were compensated for their participation. For further details about
recruitment and exclusion criteria, see Kielar et al. (2016) and Shah-
Basak et al. (2020).

2.2. Structural MRI acquisition and processing

A T1l-weighted anatomical image was collected (MPRAGE, 1 mm
isotropic voxels, TR = 2000 ms, TE = 2.63 ms, FOV = 256 x 256 mmz, 160
axial slices) with a 3-Tesla scanner (Siemens TIM Trio). MR-visible markers
were placed at the fiducial points (nasion, left, and right pre-auricular
points) to allow co-registration to the MEG coordinate system. T1 images
were skull-stripped using AFNI’s 3dSkullStrip function (Cox, 1996).

For stroke patients, lesion masks were produced with manual region
of interest (ROI) drawing tools in AFNI, based on thresholded segmen-
tation of the T1 image (FAST; Yang et al., 2001), as well as features of a
co-registered T2-FLAIR image (see Kielar et al., 2016). A mask of the
perilesional rim (10 mm radius surrounding the lesion) was generated
by dilating the lesion mask by 10 voxels in all directions, and then taking
the intersection with the grey matter segmentation image to exclude
voxels outside the cortex.

To define anatomical regions of interest, the 116 ROI Automated
Anatomical Labelling atlas (AAL; Tzourio-Mazoyer et al., 2002) was
transformed to each participant’s native anatomical space. First, ANTS
(Avants et al., 2011) was used to compute a non-linear transform be-
tween the patient’s T1-weighted structural image and a standard tem-
plate brain in MNI space. Then, the inverse of this transform was used to
warp the AAL atlas from MNI space to native anatomical space. Only the
first 90 (non-cerebellar) ROIs were considered for further analysis.

2.3. MEG data collection

Resting-state MEG signals were acquired with a 151-channel CTF
MEG system with axial-gradiometers (CTF, Coquitlam, Canada), with
synthetic 3rd-order gradient noise reduction (Vrba and Robinson,
2001). Data was collected in a seated position for 5 min at 625 Hz (17
patients, 19 controls; Kielar et al., 2016) or 10 min at 1250 Hz (6 pa-
tients, 4 controls; Shah-Basak et al., 2020) while participants fixated on
a white cross presented on a black background.

Head position within the dewar was measured at the beginning and
end of the resting state acquisition with three coils placed at the fiducial
points. Pre-acquisition to post-acquisition head movement was not
found to differ between patients and controls in terms of total translation
(patients median (SD) = 0.88 cm (1.3 ¢cm), controls = 0.53 cm (1.11 c¢cm),
U(Npatient = 23, Neontrol = 23) = 213, p = 0.131) nor absolute rotation in
the X axis (patients = 0.63° (1.80°), controls = 0.58° (0.62°), U = 251, p
= 0.388), Y axis (patients = 0.58° (1.87°), controls = 0.51° (1.47°), U =
213, p = 0.131) or Z axis (patients = 0.46° (1.00°), controls = 0.39°
(1.44°), U = 252, p = 0.396).

2.4. MEG preprocessing and source localization

Continuous MEG datasets were downsampled to 625 Hz (if recorded
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at 1250 Hz), band-pass filtered between 0.5 and 125 Hz, and divided
into 5 s epochs. Bad channels and epochs contaminated by large artifacts
were manually flagged and excluded from further analysis. An average
of 60.9 epochs (SD = 8.7) were included for controls, and an average of
57.2 epochs (SD = 6.0) were included for the 17 patients from the Kielar
et al. (2016) cohort. Due to the longer acquisition time, an average of
110.3 epochs (SD = 18.0) were included for the 6 patients from the
Shah-Basak et al., (2020) cohort. For all patients and controls, the
included number of epochs well exceeded recommendations for reliable
estimation of periodic and aperiodic spectral parameters (Wiesman
et al., 2022).

Synthetic Aperture Magnetometry (SAM; Vrba and Robinson, 2001)
was used to localize signals to 90 virtual channels across the brain, each
located at the center of an ROI. SAM is a scalar beamformer capable of
estimating the time series of a spatially localized dipole as a weighted
combination of the sensor time series. More specifically, SAM uses a
head model and the covariance matrix of the sensor data to estimate a
vector of sensor weights which act as a spatial filter, maximizing the
power of a dipole at a given location while minimizing the influence of
signals from other locations. In addition to providing source localiza-
tion, this spatial filtering method also offers benefits in terms of noise
reduction and rejection of artifacts originating from outside the brain
volume (Cheyne et al., 2006, 2007; Kirsch et al., 2006).

To produce the head model, the T1-weighted anatomical image was
transformed into the MEG coordinate system by aligning the MRI fidu-
cial points with the average MEG head position (average of the head
locator coil positions at the beginning and end of the acquisition). A 3D
convex hull approximating the inner skull surface was generated from
the anatomical image and used to produce a multi-sphere head model
tangential to the hull surface (Huang et al., 1999).

Beamforming targets were generated by first transforming the AAL
atlas to the MEG coordinate space using the same method as for the MNI
space described above. Target spheres with a diameter of 10 voxels were
then placed at the center of mass of each of the 90 non-cerebellar ROIs
using AFNI (Cox, 1996). Any of the resulting target voxels that inter-
sected with the lesion mask were excluded from beamforming. Any
spheres that overlapped >50 % with the lesion itself were excluded from
further analysis.

Finally, SAM was performed with CTF software (CTF; Port Coqui-
tlam, British Columbia, Canada), computing covariance between 0 and
80 Hz, and generating a set of beamformer weights for each of the voxels
belonging to the target spheres. To create a single summary time series
for each ROI at each epoch, singular value decomposition (SVD) was
computed on the matrix of beamformer weights associated with each
sphere in MATLAB, and the first singular value was multiplied by the
sensor time series for each epoch (Backus et al., 2016). The resulting
time series was used to summarize the activity of the associated ROI for
all subsequent analyses.

2.5. Frequency domain analysis

Specparam (Donoghue et al., 2020) employs an iterative model-
fitting procedure to separately parameterize the aperiodic and peri-
odic components of neural power spectra. The aperiodic component,
reflecting neural dynamics without a characteristic frequency, is
modelled as a straight line in log power vs log frequency coordinates.
This line is parameterized by its slope (the aperiodic exponent) and an
offset (y-intercept). In contrast, the periodic component captures an
arbitrary number of narrowband peaks in the power spectrum associ-
ated with putative neural oscillations. After subtracting the aperiodic
exponent, the peaks in the remaining periodic spectrum are fit with
Gaussian functions in an iterative procedure, where each Gaussian is
defined by center frequency, power, and bandwidth.

For each participant, specparam was applied to the average power
spectral densities (PSDs) computed for each virtual channel. PSDs were
computed on each epoch at all virtual channels using a smoothed FFT
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Fig. 1. Average power spectral densities (PSDs) for patients versus controls in the lesioned and unlesioned hemisphere. Shaded area represents standard error of

the mean.

implemented in the neurodsp package in Python (‘medfilt’ option; Cole
et al.,, 2019) and then averaged over epochs. Specparam model fitting
was constrained between 1 and 50 Hz with no aperiodic knee, and a
maximum of 4 peaks. PSDs averaged across each hemisphere are shown
in Fig. 1 for patients and controls.

2.6. Time domain analysis

Since power in the frequency domain does not provide definitive
evidence of a neural oscillation, lagged coherence (Fransen et al., 2015)
was used as a complementary time-domain measure to quantify the
periodic component. By quantifying rhythmicity in the time domain as
the consistency of phase across time windows, lagged coherence

provides stronger evidence for differences in genuinely periodic activity
than spectral measures.

For each participant and ROI, lagged coherence was computed with
neurodsp (Cole et al., 2019) on each epoch in 1 Hz increments from 1 to
50 Hz, using wavelets of three cycles in length, and the subsequent
rhythmicity values were averaged across epochs.

3. Results
3.1. Spectral parameterization

Fig. 2 illustrates group averages of the estimated aperiodic fits and
periodic spectra (power spectra after subtraction of the aperiodic fit).

A. Left (Lesioned) Hemisphere Right (Unlesioned) Hemisphere
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= patients = patients
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Fig. 2. A) Average aperiodic fits for patients versus controls in the lesioned and unlesioned hemisphere. B) Average periodic power spectra for patients versus
controls in the lesioned and unlesioned hemisphere. Average periodic power spectra were computed by subtracting the aperiodic fit from the power spectrum at each
ROI, then averaging across all ROIs within a hemisphere. Shaded areas represent standard error of the mean.



P.R. Johnston et al.

To parameterize the periodic component, representing the properties
of putative oscillations, we examined the Gaussian functions fit to the
peaks in the periodic power spectrum. Only two frequency bands reli-
ably produced high power peaks across participants and virtual chan-
nels: 90 % of virtual channels had at least one peak identified within the
range of 5-12 Hz (hereafter referred to as the theta-alpha range), and
88.7 % of virtual channels had at least one peak within the classical beta
range (15-30 Hz). Together, these two ranges contained 83 % of all

A. Exponent
p<0.001 @

log(power)

0 2 4

B_ ThetalAlpha Center Frequency C_
p<0.001 e
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peaks identified in any band at any channel. Peaks were rarely identified
within the classical delta band (1-4 Hz, 1.2 % of virtual channels) and
gamma band (30-50 Hz; 12.4 % of all virtual channels). As such, only
the theta-alpha and beta ranges could be adequately compared across
participants, so only these ranges were considered. Specifically, we
quantified the periodic component as the center frequency, power, and
bandwidth of the tallest (highest power) peaks within the theta-alpha
band and the beta band.

Thetal/Alpha Peak

B. Center Frequency

D. Bandwidth

C. Power

A. Exponent

[]
[
[ ]
[ ]
[ F— [
[
A J

log(frequency)
Theta/Alpha Power D . Theta/Alpha Bandwidth
p=0.241 p =0.066

Count

0.0 -

-2

| B

0 -2.5 0.0

Z score

Fig. 3. Standardized differences (Z-scores) comparing average perilesional parameters in patients to individualized control distributions (see section 3.2) for the
aperiodic component (A) and periodic component (B-G). Counts represent patients, with larger absolute values indicating greater deviation from controls (repre-
sented by the red line at zero). The solid black line represents the mean of the distribution, and dotted lines mark the upper and lower 95 % bootstrapped confidence
limits (1000 resamples). P values marked with a circle are significant after Bonferroni correction (« (two-tailed) = 0.05/7 = 0.007). Upper right: idealized neural
power spectrum illustrating the seven spectral parameters under investigation. (For interpretation of the references to colour in this figure legend, the reader is

referred to the web version of this article.)
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Comparing perilesional dynamics with equivalent areas in controls. Parameters in bold are significantly different at perilesional ROIs compared to corresponding ROIs
from control participants at a = 0.05 (two-tailed). Parameters with an asterisk are significantly different after Bonferroni correction (frequency domain o = 0.05/7 =
0.007, time domain o = 0.05/3 = 0.017). ‘Mean’ refers to the average value of the given parameter for perilesional ROIs in patients, while ‘Mean standardized
difference from controls’ refers to the average, standardized difference (Z-score) between patients and their individualized control distributions (see section 3.2). EXP
= aperiodic exponent, TACF/TAPW/TABW = theta-alpha center frequency/power/bandwidth, BCF/BPW/BBW = beta center frequency/power/bandwidth, DLC/

TALC/BLC = delta/theta-alpha/beta lagged coherence.

Parameter Mean (SD) Mean standardized difference from controls (SD) t(22) P
Frequency domain EXP* 0.92 (0.12) 1.60 (1.20) 6.25 <0.001
TACF* 8.38 (0.88) —1.31 (1.29) —4.76 <0.001
TAPW 0.58 (0.15) —0.21 (0.80) -1.21 0.24
TABW 3.02 (0.57) 0.46 (1.12) 1.94 0.07
BCF 18.77 (2.10) —0.08 (1.10) —-0.36 0.73
BPW* 0.26 (0.10) -1.27 (0.71) —8.37 <0.001
BBW 6.16 (2.15) —0.87 (1.44) -2.83 0.01
Time domain DLC 0.69 (0.01) —0.23 (1.45) -0.74 0.46
TALC 0.27 (0.01) —0.19 (0.64) -1.39 0.18
BLC* 0.16 (0.01) —0.85 (0.66) —6.04 <0.001

The aperiodic component, representing the scaling of the 1/f back-
ground, is parameterized by an exponent (slope) and offset (y-intercept).
Only the exponent was considered, as the offset was found to be highly
redundant across patients and controls (r = 0.86), suggesting that
variation in the offset (y-intercept) was largely driven by variation in the
spectral slope rather than uniform changes in power across frequencies.

In summary, power spectra were quantified with seven parameters:
aperiodic exponent (EXP), theta-alpha center frequency, power, and
bandwidth (TACF, TAPW, and TABW), and beta center frequency,
power, and bandwidth (BCF, BPW, and BBW; see Fig. 3, upper right). To
align time domain parameters with these definitions, band-specific
lagged coherence (LC) estimates were computed by averaging over the
delta (DLC; 1-4 Hz), theta-alpha (TALC; 5-12 Hz) and beta (BLC; 15-30
Hz) frequency ranges.

3.2. Perilesional abnormalities

To investigate abnormalities in tissue close to the lesion, a small
group of perilesional ROIs were identified for each patient and
compared to controls. Without acute perfusion data, the tissue plausibly
disrupted by hypoperfusion (but not fully infarcted) can only be deter-
mined heuristically. We therefore considered any ROI that had at least
10 % of its volume within 10 mm of the lesion as ‘perilesional’ (mean
number of ROIs included = 12.9, SD = 5.5, range = 5-23), and signal

A. B.

Delta Lagged Coherence
p = 0.465

ThetalAlpha Lagged Coherence
p=0.179

features derived from their central spheres were included in subsequent
analyses.

Abnormalities within these perilesional ROIs were then assessed by
comparing each patient to a unique control distribution reflecting their
individual perilesional anatomy. For each patient, spectral parameters
and lagged coherence values were first averaged over all perilesional
ROIs. These values were then standardized based on the distribution
resulting from averaging over the same subset of ROIs for each control
participant. As such, the resulting Z-score indexes deviation from the
individualized control distribution mean. Group differences in each
parameter were therefore assessed by comparing these Z-scores to a
value of O (representing no difference between patients and controls)
using a single sample t-test (Table 2; two-tailed with Bonferroni
correction, frequency domain o = 0.05/7 = 0.007, time domain o =
0.05/3 = 0.017; scipy.stats, Virtanen et al., 2020).

In the frequency domain, three spectral parameters were found to
differ significantly between patients and controls after Bonferroni
correction for multiple comparisons (Fig. 3). Namely, perilesional tissue
exhibited a higher aperiodic exponent (steeper slope), lower theta-alpha
center frequency, and lower beta power. Specparam fit error did not
differ significantly between perilesional ROIs and comparable ROIs in
controls (mean standardized difference from controls = 0.035 (0.006), t
(22) =1.343,p = 0.193).

In the time domain, lagged coherence revealed differences in the

C.

Beta Lagged Coherence
p<0.001 e
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Fig. 4. Standardized differences (Z-scores) comparing average perilesional lagged coherence in patients to individualized control distributions (see section 3.2).
Counts represent patients, with larger absolute values representing greater deviation from controls (represented by the red line at zero). The solid black line rep-
resents the mean of the distribution, and dotted lines mark the upper and lower 95 % bootstrapped confidence limits (1000 resamples). P values marked with a circle
are significant after Bonferroni correction (a (two-tailed) = 0.05/3 = 0.017). (For interpretation of the references to colour in this figure legend, the reader is referred

to the web version of this article.)
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beta band only, with perilesional tissue exhibiting lower beta rhyth-
micity compared to the same regions in controls (Fig. 4). Contrary to the
typical interpretation of elevated low frequency oscillations in stroke,
perilesional tissue did not exhibit significantly elevated rhythmicity in
the delta or theta-alpha bands. Narrow bootstrapped 95 % confidence
intervals overlapping with zero (Fig. 4A-B) suggest the absence of a
significant difference in delta/theta-alpha is more consistent with a lack
of group differences, rather than high error variance.

It should be noted that both specparam and lagged coherence are
susceptible to biases related to changes in the aperiodic exponent, and
specparam may also be biased by the presence of a high amplitude
oscillation at the lower edge of the fitting range (Gerster et al., 2021).
See Appendix A for simulations demonstrating that these effects are
unlikely to be responsible for the results observed here.

Finally, we considered whether abnormalities in any perilesional
features covaried with the amount of time elapsed since stroke, poten-
tially suggesting long term changes in perilesional electrophysiological
dynamics across the chronic phase of the disease. Except in the case of
beta power (Pearson r = 0.508, p = 0.013), time elapsed since stroke did
not relate significantly to deviation in frequency domain nor time
domain features relative to controls (|Pearson r| = 0.060-0.339, p =
0.117-0.787), and no relationships survived Bonferroni correction for
multiple comparisons.

3.3. Identifying abnormalities beyond the perilesional area

Given the highly interconnected nature of the brain, it is expected
that a focal lesion should produce abnormal dynamics more broadly

Table 3
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throughout the brain (‘diaschisis’). To account for the heterogeneity in
lesion size and location, two different approaches were taken to explore
these more distributed effects. First, parameters were averaged over the
entire un-lesioned (right) hemisphere and compared to the lesioned
(left) hemisphere, as well as left and right hemispheres in controls.
Considering each hemisphere as a whole provides a simple means of
detecting broad differences in the un-lesioned hemisphere, irrespective
of any variation caused by individual differences in lesion size and
location. Each averaged parameter was submitted to Tukey’s HSD
(Wilkinson, 1999; Lane, 2010) to assess pairwise differences between
hemispheres (Table 3; two-tailed with Bonferroni correction, frequency
domain a = 0.05/7 = 0.007, time domain a = 0.05/3 = 0.017; scipy.
stats, Virtanen et al., 2020).

The un-lesioned (right) hemisphere showed a significantly higher
aperiodic exponent compared to controls (p = 0.011), but significantly
lower than the lesioned (left) hemisphere (p = 0.032; Fig. 5), however
these differences did not survive Bonferroni correction. Mean theta-
alpha frequency and beta power were also both decreased in the un-
lesioned hemisphere, however they were not significantly different
from either the lesioned hemisphere or the healthy right hemisphere in
controls, suggesting that they may be intermediate between the lesioned
and healthy control hemispheres. As expected, the lesioned (left)
hemisphere demonstrated a significantly higher aperiodic exponent,
lower theta-alpha center frequency (at o = 0.05 only), and lower beta
power compared to both left and right hemispheres in controls, repro-
ducing the pattern of effects seen in the perilesional ROIs above. There
were no significant differences in specparam fit error between any pair of
hemispheres (0.74 < p < 0.9 for all comparisons).

Tukey’s HSD results comparing hemisphere-average parameters between patients and controls. Parameters in bold show significant pairwise differences (row vs
column) at a < 0.05 (two-tailed). Parameters with an asterisk are significantly different after Bonferroni correction (frequency domain « = 0.05/7 = 0.007, time
domain a = 0.05/3 = 0.017). EXP = aperiodic exponent, TACF/TAPW/TABW = theta-alpha center frequency/power/bandwidth, BCF/BPW/BBW = beta center
frequency/power/bandwidth, DLC/TALC/BLC = delta/theta-alpha/beta lagged coherence.

Patient R diff p-adj
(Un-lesioned) EXP 0.079 0.032

TACF -0.411 0.36
TAPW -0.016 0.9
TABW 0.049 0.9
BCF -0.272 0.9
BPW -0.041 0.454
BBW -0.029 0.9
DLC -0.001 0.9
TALC -0.001 0.9
BLC -0.003 0.019

Control L diff p-adj EXP
EXP* 0.122 0.001 TACF
TACF -0.743 0.020 TAPW
TAPW -0.038 0.828 TABW
TABW 0.258 0.167 BCF
BCF -0.016 0.9 BPW
BPW* -0.111 0.001 BBW
BBW -0.729 0.226 DLC
DLC -0.001 0.9 TALC
TALC -0.002 0.836 BLC
BLC* -0.004 0.002 EXP

Control R diff p-adj
EXP* 0.155 0.001 EXP
TACF -0.786 0.012 TACF
TAPW -0.016 0.9 TAPW
TABW 0.321 0.054 TABW
BCF -0.087 0.9 BCF
BPW* -0.095 0.006 BPW
BBW -0.487 0.566 BBW
DLC 0.001 0.9 DLC
TALC -0.002 0.710 TALC
BLC -0.003 0.030 BLC

Patient L (Lesioned)

Patient R (Un-lesioned)

diff p-adj

0.043 0.308

-0.332 0.543

-0.022 0.9

0.210 0.334

0.256 0.9

-0.070 0.065

-0.700 0.259

0.001 0.9

-0.001 0.9

-0.001 0.833

diff p-adj diff p-adj

0.076 0.011 EXP 0.032 0.559

-0.375 0.445 TACF -0.043 0.9

-0.001 0.9 TAPW 0.022 0.9

0.272 0.132 TABW 0.063 0.9

0.185 0.9 BCF -0.071 0.9

-0.053 0.229 BPW 0.017 0.9

-0.458 0.608 BBW 0.242 0.9

0.001 0.841 DLC 0.001 0.867

-0.001 0.9 TALC -0.001 0.9

0.001 0.9 BLC 0.001 0.740
Control L
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Fig. 5. Comparing hemisphere-average aperiodic (A) and periodic (B-G) parameters between patients and controls. Whiskers represent a universal confidence in-
terval computed from Tukey’s Q critical value (Hochberg and Tamhane, 1987; Seabold and Perktold, 2010).

In the time domain, the un-lesioned hemisphere showed no signifi-
cant differences in delta, theta-alpha, or beta rhythmicity compared to
controls (Fig. 6). As above, the lesioned left hemisphere showed signif-
icantly lower beta rhythmicity compared to controls and the un-lesioned
right hemisphere, but only the comparison between lesioned hemi-
sphere and left control hemisphere survived Bonferroni correction.

As a complementary approach, Partial Least Squares (PLS; McIntosh
and Lobaugh, 2004) was used to visualize which ROIs most reliably
demonstrate abnormalities in patients. PLS is a multivariate statistical
technique that extracts patterns that maximally distinguish two groups,
in this case patients and controls. PLS was computed on a brain data
matrix containing EXP, TACF, and BPW for each participant and virtual

channel. Since PLS requires an equal number of observations for every
participant, any ROI that was too damaged by the lesion to be included
for one patient (>50 % of the MEG sphere target overlapped with the
lesion mask) had to be excluded for all participants. This left 69 ROIs in
total: 14 in the left hemisphere and 45 in the right. Additionally, a small
number of ROIs had no peaks detected in either the theta-alpha or beta
bands for some participants, so these were filled with missmda, an
imputation method based on principal components analysis (PCA; Josse
etal., 2011). 6.5 % of the patient input data and 4.6 % of the control data
was imputed.

The resulting latent variable (LV; p = 0.034, singular value = 3.068)
was used to visualize differences between patients and controls. Fig. 7
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displays the spatial distribution of bootstrap ratios (a measure of reli-
ability) captured by LV1 for each parameter relative to the spatial dis-
tribution of lesions across participants.

3.4. Exploring dependencies between parameters

Having identified three ways that neural dynamics differ in chronic
stroke, the question remains whether these abnormal features are
related. To explore this, we used PCA to investigate patterns of covari-
ation among the frequency domain features (scikit-learn, Pedregosa
et al., 2011). More specifically, we examined how deviation from pu-
tatively normal values for a given feature at a given ROI (defined as the
mean of the control group) was associated with deviation in the other
parameters. To this end, we standardized all parameter values at each
ROI individually based on the mean and SD of the control group at that
ROI. We then computed PCA on the standardized control and patient
data separately, treating each ROI for each participant as an individual
observation (input matrix: ROIs * participants x spectral parameters).

Fig. 8A depicts the loadings of the first two principal components
(PCs). In both cases extremely similar components were extracted for
both patients and controls (cosine similarity for PC1 = 0.96, PC2 =
0.89). The implications of this similarity are addressed in the Discussion.
PC1 accounted for 24 % of total variability in patients and 21 % in
controls, while PC2 accounted for 20 % of total variability in patients
and 21 % in controls.

Notably, PC2 seemed to capture the “slowing” observed in patients.
More specifically, it showed a negative relationship between aperiodic
exponent and theta-alpha center frequency as well as beta power,
reflecting the pattern observed in both the perilesional and whole brain
analyses. If this is the case, we expected a negative relationship between
PC2 score and distance to the lesion (defined here as Euclidean distance
from the center of the ROI sphere to the nearest voxel in the lesion
mask). To investigate this, we fit a linear mixed effects model over all
ROIs in the lesioned hemisphere, with either PC1 or PC2 as the depen-
dent variable (Table 4). The model estimated the fixed between- and
within-patient effects, respectively, by including the patient-average
distance to lesion and mean-centered distance to lesion as predictors.
Random slope and intercept were estimated for the within-subjects ef-
fect to quantify inter-patient variability. Models were fit with the Ime4
package in R (Bates et al., 2015; o = 0.05, two-tailed). As predicted, PC2
demonstrated a significant negative relationship with mean-centered
distance to lesion (p = —0.022, p < 0.001; Fig. 8C), while PC1 did not
(p = —0.004, p = 0.233; Fig. 8B). Neither PC demonstrated a significant

between patients effect.

We also considered whether biases inherent to the specparam algo-
rithm itself may be responsible for the dependencies observed between
the estimated spectral parameters. To investigate, we applied specparam
on simulated power spectra with no correlations among their spectral
features (see Appendix B). PCA on the subsequent parameter estimates
produced a first principal component similar to PC1 (cosine similarity
with patient PC1 = 0.67; control PC1 = 0.72), but less similar to PC2
(cosine similarity with patient PC2 = 0.34; control PC2 = 0.27), sug-
gesting PC1 may represent dependencies imparted by specparam, rather
than those of biological origin.

3.5. Linking abnormal neural dynamics to neurocognitive outcomes

Finally, we considered how abnormal neural dynamics related to
cognitive impairment in seventeen patients with neurocognitive
assessment data (Kielar et al., 2016). Following previous work using a
similar assessment (Shah-Basak et al., 2018), we focused on three groups
of tests assessing language, memory, and executive function.! We pre-
dicted that the slowing pattern observed above, reflected in either the
individual spectral parameters (EXP, TACF, and BPW) or the multivar-
iate “slowing” component (PC2), would covary with the severity of
cognitive impairment.

To quantify cognitive function in the three cognitive domains, each
measure was standardized by its mean and standard deviation within the
sample, and the resulting Z-scores were averaged within each domain.
We then employed Behaviour PLS (McIntosh and Lobaugh, 2004) to
identify patterns of maximal covariation between the brain data matrix
(average spectral parameters or PC2 values) and the behavioural data
(average language, memory, and executive functioning scores).

1 Language: Western Aphasia Battery (Kertesz, 1982), Northwestern Assess-
ment of Verbs and Sentences VNT/VCT/SCT/SPT (Cho-Reyes and Thompson,
2012), Aphasiabank Sentence Repetition (Macwhinney et al., 2011), Boston
Naming Test (Kaplan et al., 2001), Peabody Picture Vocabulary Test (Dunn and
Dunn, 1997). Memory: Kaplan Baycrest Neurocognitive Assessment (KBNA;
Leach et al., 2000) complex figure drawing (immediate recall/delayed
recall/delayed recognition) and word lists (immediate recall/delayed recogni-
tion), Wechsler Memory Scale-IV logical memory (immediate recall/delayed
recall/delayed recognition). Executive Function: Wechsler Adult Intelligence
Scale-IV digit span (forward/backward), Delis-Kaplan executive function sys-
tem (p-KEFS; Delis et al., 2001) trails making test (TMT-A/TMT-B), KBNA
symbol cancellation (Leach et al., 2000).
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Fig. 7. LV1 bootstrap ratios for the three spectral parameters of interest (B-D), with region-wise overlap in lesion presence across patients provided for comparison
(A). Absolute values of the bootstrap ratios reflect reliability of group differences at each ROI as determined by bootstrap resampling (1000 permutations; McIntosh
and Lobaugh, 2004). Positive values indicate higher parameter values for patients, negative values indicate higher values for controls.

Statistical inference was determined with permutation testing (1000
iterations) with a significance threshold of p < 0.05 (two-tailed).

As with previous analyses, we considered the effect of both localized
(perilesional) and distributed abnormalities on cognitive impairment.
To investigate the former, the three abnormal parameters identified
previously (EXP, TACF, and BPW) were averaged across perilesional

10

ROIs for each patient. PLS relating the resulting brain matrix to the
behavioural matrix extracted three LVs (singular values = 0.91, 0.27,
and 0.11), and only the first passed the significance threshold (p =
0.046). This LV showed the predicted pattern, with brain data saliences
(analogous to factor/component loadings) reflective of slowing (EXP =
0.69, TACF = —0.23, BPW = —0.69) relating to negative behaviour
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Table 4

Linear mixed effects model results reflecting the relationship between spectral
parameter principal components (PC1 or PC2) and distance from the lesion. The
model estimated the fixed between- and within-patient effects, respectively, by
including the patient-average distance to lesion and mean-centered distance to
lesion as predictors. Random slope and intercept were estimated for the within-
subjects effect to quantify inter-patient variability.

PC1 Fixed Effect Estimate (SE) t P
Intercept 0.392 (0.520) 0.753 0.451
Within patient —0.004 (0.003) —0.795  0.233
Between patients —0.015 (0.019) —1.193 0.427
Random Effect (within patient) Variance (SD)
Intercept 0.795 (0.892)
Slope <0.001 (0.011)

PC2  Fixed Effect Estimate (SE) t P
Intercept 0.299 (0.457) 0.655 0.512
Within patient* —0.022 (0.004) —6.014 <0.001
Between patients 0.001 (0.017) 0.057 0.955

Random Effect (within patient)
Intercept
Slope

Variance (SD)
0.527 (0.726)
<0.001 (0.012)

saliences in all three cognitive domains (Language = —0.40, Memory =
—0.84, Executive = —0.37), indicating that greater slowing was asso-
ciated with more severe cognitive impairment. The same approach with
the multivariate slowing component (PC2) derived previously yielded a
first LV (singular value = 0.58) with a similar pattern of behavioural
saliences (Language = —0.32, Memory = —0.91, Executive = —0.25),
but which did not pass the significance threshold (p = 0.145). Similarly,
averaging within the left and right hemispheres to consider the impact of
broader abnormalities showed similar patterns for the three spectral
parameters (singular value = 0.8, p = 0.331) and PC2 (singular value =
0.66, p = 0.135), but did not pass the significance threshold. No sig-
nificant LVs relating PC1 and cognitive scores were found when aver-
aging within perilesional ROIs (singular value = 0.210, p = 0.863), or
hemispheres (singular value = 0.391, p = 0.341).

4. Discussion
4.1. Aperiodic abnormalities

With a combination of frequency and time domain measures, we
have demonstrated that both periodic and aperiodic dynamics are
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disrupted in chronic stroke. Contrary to typical interpretations, the most
readily detectable difference between patients and controls is steepening
of the aperiodic power spectrum in patients, not an enhancement of low
frequency periodic activity. The latter was unsupported due to a lack of
enhanced delta rhythmicity, and lack of delta peaks in the aperiodic-
corrected spectrum. This mirrors findings in rats after middle cerebral
artery occlusion, where acutely increased EEG spectral slope was asso-
ciated with poorer motor function, and slow wave activity (assessed in
the time domain) was not found to be related to this effect (Leemburg
et al., 2018).

Overall, these results suggest a need to reinterpret the existing
electrophysiological literature in stroke, with new emphasis on the im-
plications of the steeper aperiodic background, rather than low fre-
quency oscillations. A steeper aperiodic slope reflects greater
autocorrelation in the time domain, such that successive electrophysi-
ological measurements are more highly correlated with each other, and
remain correlated over longer temporal intervals. This phenomenon has
been associated with the effects of anesthesia (Colombo et al., 2019) and
sleep (Freeman and Zhai, 2009; Lendner et al., 2020). The opposite ef-
fect is seen in the waking state during task performance, where spectral
slopes flatten as task demands increase (He, 2014; Podvalny et al.,
2015), suggesting more efficient information processing (He, 2011). As
such, the chronically steepened aperiodic spectra observed here may
reflect a reduction in complexity (Sarasso et al., 2020; Zappasodi et al.,
2014) and diminished capacity for information processing in affected
tissue, potentially explaining its association with cognitive impairment.

The underlying causes of aperiodic scaling in electrophysiological
spectra are still debated, as many generative mechanisms are capable of
producing power-law behavior (He et al., 2010). However, attention has
turned recently to the balance of excitation and inhibition (E:I ratio) — a
property known to be disrupted in stroke (Carmichael, 2016). Both
computational (Chini et al., 2021; Gao et al., 2017; Lombardi et al.,
2017; Rowe et al., 2004; Trakoshis et al., 2020) and experimental evi-
dence (Chini et al., 2021; Gao et al., 2017; Trakoshis et al., 2020;
Waschke et al., 2021) have identified E:I ratio as a potential determinant
of spectral slope, with most of these authors concluding that a decrease
in the E:I ratio (increase in inhibition relative to excitation) produces a
steeper slope. In stroke, increased tonic GABAergic inhibition has indeed
been observed after experimentally-induced lesions in mice (Clarkson
et al., 2010; Orfila et al., 2019). However, some computational models
demonstrate the opposite pattern, with higher E:I ratio (increased
excitation relative to inhibition) producing steeper spectral slopes
(Lombardi et al., 2017; Rowe et al., 2004). Similarly, some clinical data
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suggests that stroke patients may in fact have a deficit in inhibition,
including a selective loss of GABAergic receptors (Chida et al., 2011;
Dong et al., 1997), with sporadic case reports of dramatic improvements
in clinical function in response to GABAergic agonists (Cohen et al.,
2004; Hall et al., 2010). More data will be necessary to resolve the
directionality linking E:I ratio to spectral slope.

If indeed spectral abnormalities are ultimately explainable as alter-
ations of E:I balance, normalizing these dynamics and rehabilitating
affected tissue may be possible with neuromodulation of excitability.
Alternatively, there remains the possibility that structural damage dis-
rupting coordination between brain regions could be responsible for the
steepening of the aperiodic slope. For instance, disruption of thalamo-
cortical connections via white matter lesions has been associated with
increased power in the delta band and suppression of fast activity
(Kaplan and Rossetti, 2011) — an effect which may in fact reflect a
rotation of the aperiodic power spectrum, as demonstrated here.

4.2. Periodic abnormalities

In addition to substantial difference in the aperiodic component,
stroke patients also exhibited differences in putative oscillatory activity.
First, stroke patients showed slowing of the peak alpha frequency after
correcting for the aperiodic slope, corroborating previous reports of the
same (Giaquinto et al., 1994; Jordan, 2004; Juhasz and Kamondi, 1997;
Tecchio et al., 2005; van Wijngaarden et al., 2016). When measuring
power in the classical frequency bands, this slowing could have previ-
ously been interpreted as a power decrease in the alpha band (e.g.
Machado et al., 2004; Nagata et al., 1989), and further contributed to
differences in the ratio of lower to higher frequencies used in clinical
prognosis (Finnigan and van Putten, 2013).

To the extent that alpha rhythm generation relies on corticothalamic
interactions (Lopes da Silva et al., 1980; Steriade et al., 1990), stroke
could disrupt alpha rhythms by damaging these connections. Indeed,
disorders characterized by white matter lesions, such as vascular de-
mentia (Moretti, 2004; Neto et al., 2015; Signorino et al., 1995) and
multiple sclerosis (Kim et al., 2019) also demonstrate alpha slowing,
while tumors of the white matter have also been associated with alpha
slowing (Gloor et al., 1968). Unlike aperiodic steepening, it is unclear
how E:I balance could affect alpha frequency. As such, disruption of
corticothalamic connections should still be considered as a possible
cause unifying both aperiodic steepening and alpha slowing.

Finally, converging results from frequency and time domain mea-
sures here indicate that stroke-related decreases in beta power (Jordan,
2004; Kielar et al., 2016; Shah-Basak et al., 2020; Tecchio et al., 2005;
van Wijngaarden et al., 2016; Wu et al., 2016) are not just due to the
steepening of the aperiodic slope, but rather the suppression of rhythmic
activity in the beta band. Beta oscillations, classically considered a
sensorimotor rhythm (but also detectable in non-sensorimotor areas;
Law et al., 2022) appear to be broadly associated with endogenous “top-
down” controlled processing (Engel and Fries, 2010; Spitzer and Hae-
gens, 2017). Given that beta oscillations are known to occur in bursts
(Jones, 2016; Law et al., 2022), decreased beta power could therefore
also reflect fewer, shorter, or lower amplitude beta bursts. Since beta
activity is also thought to be generated by thalamocortical interactions
(Law et al., 2022) and is sensitive to E:I balance (Rossiter et al., 2014),
stroke could plausibly disrupt beta activity through either or both of
these routes, as described above. Future work considering both E:I bal-
ance and thalamocortical interactions will be needed to clarify these
relationships.

4.3. Dependencies between parameters

Multivariate analysis identified dependencies between spectral pa-
rameters, suggesting that deviations in these spectral parameters could
share a common cause. While PC1 may have been an artifact of spectral
parameterization (Appendix B), PC2 appeared to capture the same
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pattern of stroke-related electrophysiological abnormalities identified in
the univariate analyses, and correlated with proximity to the lesion. As
such, PC2 may capture an electrophysiological pattern indicating stroke-
related dysfunction, capturing the various facets of “spectral slowing” as
described across the literature.

Intriguingly, both PC1 and PC2 were identified in controls as well as
patients. This indicates that the same dependencies exist between
spectral parameters in both healthy brains and brains afflicted with
chronic stroke, suggesting that the abnormalities in stroke reflect a
quantitative rather than qualitative change. In other words, stroke may
cause electrophysiological dynamics to deviate away from normal, but
the patterns of covariation among spectral features remain the same,
even at these extremes. This remains speculative, however, and further
investigation of the dependencies between spectral features (both
physiological and artefactual) is needed.

4.4. Distributed abnormalities

Abnormal electrophysiological dynamics were detected in the un-
lesioned hemisphere, albeit weakly, suggesting the presence of dia-
schisis. Qualitatively, these dynamics appeared to deviate from controls
in the same way as the lesioned hemisphere, although to a lesser degree.
This raises questions about how a focal lesion can produce qualitatively
similar disruption across widely distributed tissue, namely whether the
stroke event causes widespread cellular changes (e.g. abnormal receptor
expression or neurotransmitter reuptake), or rather abnormal dynamics
propagate from the perilesional area throughout connected brain
networks.

4.5. Limitations and future directions

Stroke patients are a diverse group, and our sample was relatively
homogenous, comprising only chronic cases of left hemisphere stroke
causing aphasia, mostly of ischemic origin, and mostly in men. While
certainly not representative of all stroke patients, it is notable that the
pattern of results found here closely agrees with various other studies
using different samples and methodologies (e.g. Jordan, 2004; Leem-
burg et al., 2018; Sarasso et al., 2020; van Wijngaarden et al., 2016). For
example, EEG delta power increase, alpha slowing and beta suppression
have previously been reported even in the acute phase of ischemic stroke
(Jordan, 2004). Even so, future work will need to apply the approach
used here to a longitudinal dataset to directly compare the acute and
chronic stages, and to consider the role of lesion location and etiology in
a sample with more diversity in those respects.

While spectral analysis is now commonly employed in research, the
first evidence of enhanced slow activity in stroke came from visual in-
spection of the EEG trace, and this method still plays a role in clinical
management of the disease. As such, does the presence of delta activity
in the EEG trace contradict our results? We argue that it does not, since
the term “delta activity” has historically referred to more than just low
frequency periodic oscillations. Rather, pathological delta activity has
been characterized as irregular when observed from the EEG trace, hence
it is occasionally called “polymorphic delta” (Amzica and Steriade,
1998; Gloor et al., 1968; Steriade et al., 1990). This distinction has been
largely overlooked in contemporary stroke research that relies on
spectral analysis. In other words, this aperiodic pathological delta could
consist of slowly changing, high amplitude transient activity, reflective
of an increased aperiodic exponent, rather than heightened periodic
oscillations. Indeed, as the aperiodic exponent increases, the signal be-
gins to approximate Brown noise (1/f2) — highly autocorrelated noise
which produces the perception of slow undulations in the time series,
which are nevertheless generated by aperiodic processes (Gilden et al.,
1993). To clarify, we do not claim that slow rhythms cannot be affected
by stroke, nor that they are unimportant in understanding stroke pa-
thology. Rather, we conclude that the primary driver of the low fre-
quency power that is readily observed in stroke patients, and linked to
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specparam (D-F).

patient outcomes, is of aperiodic origin. To further clarify these issues,
future work should investigate the interplay between aperiodic expo-
nent and genuine low frequency oscillations, quantifying variation in
waveform regularity, and how these may vary from the acute to chronic
phases.

Regarding the link between abnormal dynamics and behaviour, we
identified a relationship between frequency-domain measures of spec-
tral slowing and cognitive impairment, suggesting that abnormalities in
perilesional neural dynamics account for some inter-patient variability
in neurocognitive outcomes. Detecting more subtle relationships be-
tween behavioural outcomes and abnormal dynamics beyond perile-
sional tissue will require a larger, more deeply characterized sample to
overcome the heterogeneity in lesion location and severity. Similarly,
future work should consider patients with more varied behavioural
impairments, as it is unclear whether spectral slowing was related to
truly domain-general impairment in this sample, or simply aphasia-
related difficulties with the linguistic elements common to all tests.

4.6. Conclusions

We have demonstrated that chronic stroke patients exhibit abnor-
malities in both aperiodic and periodic dynamics, which are most
prominent and clearly related to cognitive impairment near the lesion
itself, but can also be detected more widely throughout the brain.
Notably, the commonly observed elevation in low frequency power was
best explained by a steepening of the aperiodic exponent, as no evidence
for group differences in low frequency periodic activity were found. We
also demonstrated that this aperiodic steepening also covaries with pe-
riodic abnormalities, including alpha slowing and beta suppression,
suggesting that spectral slowing in stroke patients may be a syndrome
comprising multiple types of abnormal electrophysiological features.
With this more complete characterization of electrophysiological
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abnormalities in terms of underlying dynamics, we are better situated to
investigate the potential physiological causes and clinical consequences
of spectral slowing in stroke. Furthermore, a similar approach can
further our understanding of other patient groups known to show
spectral slowing, such as those with dementia (Moretti, 2004; Neto et al.,
2015), Parkinson’s disease (Wiesman et al., 2022), brain tumor (Bosma
et al., 2008), and multiple sclerosis (Kim et al., 2019).
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Appendix A

Simulations were conducted to assess the observed effects in light of
biases inherent to lagged coherence and specparam. For example, lagged
coherence is expected to underestimate rhythmicity at higher aperiodic
exponents (i.e. more unpredictability in the signal; Fransen et al., 2015),
while specparam is expected to overestimate the aperiodic exponent in
the presence of large, low frequency oscillations (Gerster et al., 2021).
To explore these effects, we computed lagged coherence and specparam
on simulated power spectra (specparam’s fooof.sim.gen(), default pa-
rameters, 1-50 Hz) where aperiodic exponent and the amplitude of a
delta peak were systematically varied. In addition to variable delta peak
and exponent, simulated spectra had peaks of constant size in the alpha
range (9 Hz, amplitude 1 unit), and beta range (20 Hz, 0.1 unit).

As expected, estimates of delta rhythmicity decreased as the aperi-
odic exponent increased (A), however changes in delta rhythmicity
remained detectable across all aperiodic exponent values. Therefore, if
there was no group difference in aperiodic exponent but rather higher
delta oscillations in patients, this would have biased estimated exponent
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upwards (D) but would still be detectable as increased rhythmicity. We
conclude the most likely scenario is that delta oscillations are not higher
in patients and aperiodic exponent is, which explains why most patients
in fact showed lower estimates of delta rhythmicity compared to con-
trols (Fig. 4A).

Beta rhythmicity estimates were biased upwards at both high and
low values of aperiodic exponent (C). It is not clear where the inflection
point would fall in real data, so elevated aperiodic exponent could have
biased beta rhythmicity upwards or downwards. Given large decreases
in specparam beta peak power, the most parsimonious explanation re-
mains that beta oscillations are diminished in patients.

Finally, we considered how a difference in aperiodic slope could be
responsible for the observed differences in theta-alpha center frequency
and beta power. In both cases, biases in specparam estimation were in
the opposite direction of the effects observed in patients (E,F), indicating
that this was not the case.

Appendix B

To investigate potential dependencies between spectral parameter
estimates imposed by the spectral parameterization process, specparam
was applied to a sample of simulated spectra without correlations be-
tween their parameters. Parameter estimates from control participants
(aperiodic offset and exponent, theta-alpha center frequency, power and
bandwidth, and beta center frequency, power, and bandwidth) were
permuted 18,010 times with replacement (10 times the size of the
original sample) and used to generate simulated power spectra (spec-
param’s fooof.sim.gen(), default parameters, 1-50 Hz). The resulting
power spectra had effectively no correlation between their parameters
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(A). As expected, specparam applied to these spectra (same settings as
described in Methods) produced parameter estimates with non-zero
correlations (B). Decomposition of the covariance with PCA produced
a first principal component (PC) that resembled the first principal
component extracted from both patients and controls (cosine similarity
with patient PC1 = 0.67; control PC1 = 0.72) (C) but was less similar to
the second principal component (cosine similarity with patient PC2 =
0.34; control PC2 = 0.27), suggesting that this first component may have
been an artifact of the parameterization process.
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