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Heterogeneity of resting-state EEG features
in juvenile myoclonic epilepsy and controls

®AmMy Shakeshaft,"2 Petroula Laiou,3 Eugenio Abela,I ®loannis Stavropoulos,4
(®Mark P. Richardson,'>** and Deb K. Pal'">*>* on behalf of the BIOJUME Consortium'

*  These authors contributed equally to this work.

Abnormal EEG features are a hallmark of epilepsy, and abnormal frequency and network features are apparent in EEGs from people
with idiopathic generalized epilepsy in both ictal and interictal states. Here, we characterize differences in the resting-state EEG of
individuals with juvenile myoclonic epilepsy and assess factors influencing the heterogeneity of EEG features. We collected EEG
data from 147 participants with juvenile myoclonic epilepsy through the Biology of Juvenile Myoclonic Epilepsy study. Ninety-
five control EEGs were acquired from two independent studies [Chowdhury et al. (2014) and EU-AIMS Longitudinal European
Autism Project]. We extracted frequency and functional network-based features from 10 to 20 s epochs of resting-state EEG, including
relative power spectral density, peak alpha frequency, network topology measures and brain network ictogenicity: a computational
measure of the propensity of networks to generate seizure dynamics. We tested for differences between epilepsy and control EEGs
using univariate, multivariable and receiver operating curve analysis. In addition, we explored the heterogeneity of EEG features with-
in and between cohorts by testing for associations with potentially influential factors such as age, sex, epoch length and time, as well as
testing for associations with clinical phenotypes including anti-seizure medication, and seizure characteristics in the epilepsy cohort. P-
values were corrected for multiple comparisons. Univariate analysis showed significant differences in power spectral density in delta
(2-5 Hz) (P=0.0007, hedges’ g =0.55) and low-alpha (6-9 Hz) (P=2.9 x 1078, g = 0.80) frequency bands, peak alpha frequency (P =
0.000007, g=0.66), functional network mean degree (P =0.0006, g=0.48) and brain network ictogenicity (P =0.00006, g=0.56)
between epilepsy and controls. Since age (P =0.009) and epoch length (P =1.7 x 10~%) differed between the two groups and were po-
tential confounders, we controlled for these covariates in multivariable analysis where disparities in EEG features between epilepsy
and controls remained. Receiver operating curve analysis showed low-alpha power spectral density was optimal at distinguishing epi-
lepsy from controls, with an area under the curve of 0.72. Lower average normalized clustering coefficient and shorter average nor-
malized path length were associated with poorer seizure control in epilepsy patients. To conclude, individuals with juvenile myoclonic
epilepsy have increased power of neural oscillatory activity at low-alpha frequencies, and increased brain network ictogenicity com-
pared with controls, supporting evidence from studies in other epilepsies with considerable external validity. In addition, the impact of
confounders on different frequency-based and network-based EEG features observed in this study highlights the need for careful con-
sideration and control of these factors in future EEG research in idiopathic generalized epilepsy particularly for their use as
biomarkers.
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ANCOVA =analysis of covariance; ASM = anti-seizure medication; AUC =area under the curve; BIOJUME =
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idiopathic generalized epilepsy; ICA =independent component analysis; ICC =intra-class correlation; IQ =intelligence quotient;
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power spectral density; REDCap = Research Electronic Data Capture; ROC = receiver operating characteristic; UCBM = University
Campus BioMedico; UMCU = University Medical Centre Utrecht; VIF = variance inflation factor
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Resting-state EEG in JME

Introduction

An abnormal ictal EEG is the hallmark of epilepsy and the
presence of epileptiform discharges, such as spontaneous
or provoked 3-6 Hz spike and waves, are routinely used to
identify idiopathic generalized epilepsy (IGE), including ju-
venile myoclonic epilepsy (JME), in the clinical diagnostic
process. A normal background EEG is required for a JME
diagnosis,' with no generalized or focal slowing.’
However, recent advances in computational analysis of
EEG have shown that the interictal EEG of patients with
IGE show differences compared with healthy controls.

Several studies on the EEG power spectrum in individuals
with epilepsy have focused on alterations in the alpha rhythm:
the oscillatory activity most apparent at posterior EEG elec-
trodes at around 8-13 Hz. Early EEG studies reported shifts
in alpha power from a higher frequency (around 8-13 Hz)
to a lower frequency (6-8 Hz) in patients with epilepsy,>*
with recent studies confirming these findings using robust
and standardized quantitative methodology in patients with
focal and generalized epilepsy, and controlling for anti-seizure
medication (ASM).>~” Furthermore, there is evidence for a de-
creased peak alpha frequency in patients with epilepsy® and
their asymptomatic first-degree relatives.” The alpha rhythm
is of particular interest in IGE due to evidence of its basis in
cortico-thalamic interactions,'® which are central to the gen-
eration of generalized seizures/spike-wave discharges''"'?
and functionally and structurally altered in JME."*!* There
is also evidence of abnormalities in other EEG frequency
bands in IGE, such as increased theta'>'® and beta power."®

Furthermore, functional networks derived from EEG or
MEG (magnetoencephalography) activity have altered top-
ology in IGE, as quantified using graph theory,' ' with
evidence for the most extensive changes in functional connect-
ivity existing in JME compared with other IGE syndromes.**
Whilst the reported differences in network topology are vari-
able, increased clustering coefficient (indicating increased regu-
larity of networks) is a somewhat consistent finding across
studies.”” The variability of results in studies of functional con-
nectivity in IGE likely comes from factors such as heterogeneity
of patient groups, ages of participants, frequency bands in
which functional networks are derived, epoch length and the
use of different network types (binary/weighted and undirect-
ed/directed), as well as methods used for their computation.
Furthermore, there is little known about the external validity
and reproducibility of these network topology measures across
different cohorts at different sites.

In addition to these static models of functional brain net-
works, dynamic models can aid the understanding of seizure
mechanisms by modelling transitions of brain networks from
stable, interictal states to ictal states, and the parameters that
are the most influential in this transition. Several dynamic
models have been proposed as biomarkers of epilepsy, in-
cluding the integration of global network structure and local
node coupling into a phase oscillator model, which showed
57% sensitivity (given 100% specificity) and 66 % specificity
(given 100% sensitivity) as a biomarker of IGE.'” Brain
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network ictogenicity (BNI) is a computational method that
quantifies the ability of a network to generate seizures. It
models the dynamics at each node of a functional network
using a dynamical model**** and measures the time each
network spends in a seizure-like state. Therefore, BNI de-
picts the propensity of a given functional network to gener-
ate seizure activity. This method has been used to predict
surgical outcomes®**° and aid with resection site choice in
patients with focal epilepsy,”® as well as differentiating be-
tween focal and generalized epilepsies'® when applied to
EEG data. Furthermore, using MEG data, Lopes et al.*’
showed that BNI can act as a biomarker of JME with 73%
classification accuracy. However, this model has not yet
been explored in EEG data of patients with JME.

There have been variable findings as to whether these EEG
features differ within IGE cohorts, according to specific phe-
notypes. Abela et al.’> showed that patients with poor seizure
control (both IGE and focal epilepsy) had an increased shift
of alpha oscillatory activity from high frequencies to low fre-
quencies compared to those with good seizure control and
healthy controls. However, similar work by Pegg et al.”
found no difference in spectral power between patients
with well-controlled IGE and drug-resistant IGE. In add-
ition, there were no differences in functional network top-
ology in the same IGE cohort.”?’ However, studies in
patients with focal epilepsy have shown that dynamic net-
work measures, such as BNI, show promise as a predictor
of prognostic outcome,”**’ as well as indicating differences
in seizure/epilepsy type.'®

The aim of this study is to assess and compare a range of
resting-state interictal EEG features in a large cohort of indi-
viduals with JME to healthy controls, using EEGs collected
across multiple sites. Further we will investigate the reliabil-
ity and heterogeneity of these measures in these cohorts and
any clinical factors influencing them. Table 1 shows the hy-
pothesized direction of change of each EEG measure in
JME compared with controls based on evidence from previ-
ous literature.

Methods

The Biology of Juvenile Myoclonic Epilepsy (BIOJUME)
Consortium is an international cross-sectional study, span-
ning 72 sites from 12 countries focused on young people
and adults with JME.?® BIOJUME collects clinical and
EEG data from patients with JME.

Inclusion criteria for this study are based on Avignon Class II
consensus criteria for the diagnosis of JME:" (i) age of myo-
clonus onset 6-25 years; (ii) seizures comprising predomin-
ant or exclusive early morning myoclonus of upper
extremities and (iii) EEG interictal generalized spikes/
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Table | Hypothesized change of direction of EEG
features in JME compared with controls

Hypothesized direction

of change in JME Previous
EEG measure  compared with controls evidence
Delta PSD — —
Low-alpha PSD i Abela et al. (2019)°
Pegg et al. (2020)’
High-alpha l Abela et al. (2019)°
PSD
Beta PSD 0 Glaba et al. (2020)'¢
Peak alpha l Larsson & Kostov
frequency (2005) Yaakub
etal. (2020)°
Log,o alpha T Abela et al. (2019)°
shift
Mean strength 1 Chowdhury et al.
(2014)'7
Mean strength 1 Chowdhury et al.
variance (2014)"7
Clustering T Chowdhury et al.
coefficient (2014)"7
Path length — —
Small-world i Lee et al. (2020)*
index
BNI 1 Lopes et al. (2021)*

BNI =brain network ictogenicity; JME = juvenile myoclonic epilepsy; PSD = power
spectral density.

polyspike and waves with normal background. Participants
aged between 6 and 55 years were included. Exclusion cri-
teria were as follows: (i) myoclonus only associated with
carbamazepine or lamotrigine therapy; (ii) EEG showing
predominant focal interictal epileptiform discharges or ab-
normal background; (iii) any evidence of progressive or
symptomatic myoclonus epilepsy or focal seizures; (iv) glo-
bal learning disability; (v) dysmorphic features or (vi) unable
to provide informed consent.

Clinical data were collected by study site researchers
face-to-face and augmented by clinical records and EEG re-
ports. The data set included general demographics and
health information, epilepsy history, including seizure types,
seizure frequency, drug/lifestyle interventions and the pres-
ence of a photoparoxysmal response (PPR).>? Sites uploaded
clinical data onto a secure central REDCap (Research
Electronic Data Capture) database.?*!

A phenotyping panel, comprising seven epilepsy experts,
then evaluated the diagnosis of JME according to the inclu-
sion criteria.

To test associations of EEG features with seizure prognosis,
we categorized participants based on their answers to two
questions (using the internationally agreed definitions of
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seizure freedom and drug resistance as a basis*?): (i) whether
they had been free from seizures over the past year and (ii)
current ASM therapy, categorized as either no drug therapy,
monotherapy (not necessarily the first appropriate ASM),
dual therapy, or drug-resistant (two or more ASM failures).
Based on answers to these two questions, participants were
categorized based on their seizure control:
(a) Good prognosis—those who are seizure-free on mono-
therapy or no drug therapy,
(b) Moderate prognosis—those who are either seizure-free
on >2 ASMs or not seizure-free on 0/1 ASM, or
(c) Poor prognosis—those who are not seizure-free on >2
ASMs (drug-resistant).

Using this classification, eight individuals were unable to
be categorized, due to missing data.

Routine clinical EEGs were collected for participants from
each BIOJUME study site. Natus Xltek or Nicolet systems
were used for clinical EEG data collection. Sites used be-
tween 19 and 235 scalp electrodes placed according to the
10-20 system, apart from Danish EEGs which used the
modified 10-20 system whereby electrodes T3/T4 are re-
placed by T7/T8 and electrodes T5/T6 are replaced by P7/
P8. EEGs were sent securely to a central site where one (or
two where possible) 10-20s resting-state, eyes-closed,
awake segments with clear background oscillatory activity
were selected by a trained EEG neurophysiologist. Epoch
lengths between 10 and 20 s was chosen based on evidence
of stability of EEG network measures in epochs over 10—
12 5, and since previous analysis of EEG measures in IGE
found differences to controls using 20 s epochs.”'”>!??% A
single, fixed length was not used due to our aim to investigate
the effect of epoch length on EEG features, and also the dif-
ficulties in finding 20 s epochs with clear background alpha
activity with few artefacts in clinical EEGs, as noted in
Chowdhury et al.'”

Control EEG data were acquired from Chowdhury et al.'”
study and the EU-AIMS Longitudinal European Autism
Project (LEAP) study.*® Controls were not age-matched to
the JME cohort to maximize the available sample, but any
differences in demographics were adjusted for in analysis.

Chowdhury controls. Healthy controls with no personal or
family history of neurological or psychiatric diseases were re-
cruited via a local research participant database. Participants
were excluded if they had any other neuropsychiatric condi-
tion or a full-scale IQ <70. Ethical approval was obtained
from King’s College Hospital Research Ethics Committee
(08/H0808/157). Written informed consent was obtained
from all participants. EEGs were acquired as previously de-
scribed in Chowdhury et al.'” Briefly, conventional 19
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channel 10-20 layout scalp EEG were collected (sampling
rate 256 Hz, filtered band-pass 0.3-70 Hz) using a
NicoletOne system. A single 20 s epoch was selected which
included continuous dominant background rhythm with
eyes-closed, without any artefacts or patterns indicating
drowsiness or arousal.

Longitudinal European Autism Project controls. Another control
group was recruited as part of the EU-AIMS LEAP.?* Only
healthy control EEG data were used. Participants were typic-
ally developing individuals aged 6-30 years. Two minutes of
eyes-closed resting-state EEG were recorded per participant.
Data used for this study was acquired from three sites: King’s
College London (KCL, United Kingdom) (N =2), University
Campus BioMedico (UCBM, Rome, Italy) (N=15) and
University Medical Centre Utrecht (UMCU, Netherlands)
(N=40). The following EEG systems were employed:
Brainvision (KCL), Biosemi (UMCU) and Micromed
(UCBM), with sampling frequencies of 5000 Hz (KCL),
2048 Hz (UMCU) and 256-1000 Hz (UCBM). All sites
used 10-20 layout caps, with 60-64 electrodes.
Eyes-closed, resting-state segments were marked on the
EEGs and from these segments, 10-20s resting-state,
eyes-closed, awake segments with clear background oscilla-
tory activity were selected.

An overview of the EEG processing and analysis pipeline can
be seen in Fig. 1.

We carried out pre-processing using Fieldtrip®® or custom
written MATLAB (Version R2019a)®” scripts. Analysis was
only undertaken on the following 19 EEG channels: Fp1,
Fp2, Fz, E3, F7, F4, F8, T3, C3, Cz, C4, T4, TS, P3, Pz,
P4, T6, O1, O2 (channels labelled T7, T8, P7, P8 were
used for Danish EEGs as are in the same location as T3,
T4, TS5, T6 in the traditional 10-20 system). Any additional
channels were removed. Data were re-referenced to average
montage and resampled to the minimum sampling rate of all
data (256 Hz). EEGs were then segmented at the pre-defined
epochs (10-20 s eyes-closed, resting-state sections). Epochs
across all three subgroups [(i) BIOJUME (JME); (ii) LEAP
controls and (iii) Chowdhury controls] were independently
reviewed and confirmed to ensure consistency in epoch
choice between subgroups.

Twelve measures (six frequency-based and six network-
based) were extracted from JME and control EEGs. Full
methodology for the calculation of EEG features is presented
in Supplementary Methods but outlined briefly below.

Independent component analysis (ICA) was used to remove
any remaining artefacts existing in the EEG between 2 and
20 Hz and re-referenced to average montage. We calculated
the mean relative power spectral density (PSD) in (i) delta
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(2-5 Hz), (ii) low-alpha (6-9 Hz), (iii) high-alpha (10-
11 Hz), (iv) beta (12-19 Hz) frequency bands, (v) the peak
alpha frequency (PAF) and (vi) the shift in alpha PSD from
high to low-alpha (alpha shift).

Functional networks were inferred using phase-locking value
(PLV) on EEG epochs Butterworth band-pass filtered be-
tween 6 and 9 Hz. Five measures were used to characterize
functional network topology: (i) mean strength, (ii) mean
strength variance, (iii) average clustering coefficient, (iv)
average characteristic path length and (v) small-world index.
In addition, the propensity of networks to generate seizure-
like dynamics was modelled using the framework of
BNI.?*% Larger BNI values indicate that the brain network
has a higher tendency to transmit from normal to seizure-like
dynamics.

Statistical analysis was carried out in SPSS*® software and
graphics produced in GraphPad Prism. Prior to statistical
testing, violations of test assumptions were checked, and
statistical tests chosen accordingly. For all multiple linear re-
gression models, variance inflation factors (VIFs) were
checked to ensure no problematic multicollinearity (VIF <
10). Transformations and removal of outliers were done
where required. Hedge’s g was used to calculate effect sizes.

Differences in age, epoch length and EEG time between co-
horts were testing using two-tailed Mann—Whitney tests.
Differences in sex distribution were tested using two-tailed
x> tests.

Disparities in EEG features in JME and controls were first
tested univariately using Mann-Whitney tests. P-values
were corrected for multiple comparisons for the four fre-
quency bands in PSD analysis and for the five measures of
network topology using Bonferroni-holm correction.
Kruskal-Wallis tests were then used to test for differences
in EEG features between the two control groups (LEAP &
Chowdhury controls) and JME, again corrected for multiple
comparisons for the four frequency bands and for the five
measures of network topology using Bonferroni—holm cor-
rection. If these tests were significant (corrected P-value
<0.05), Bonferroni-holm corrected Mann—Whitney tests
were carried out between each of the three groups.

We then performed multiple linear regression analysis of
each EEG feature to investigate differences between JME
and control groups whilst accounting for the appropriate
covariates (sex, age, epoch length, EEG time, ASM treat-
ment, control subgroup). For EEG features where there
was an opposing direction of effect between the two control
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groups and JME, LEAP controls and Chowdhury controls
were added separately into the regression models as dummy
variables (JME=0/LEAP=1; JME =0/Chowdhury=1).
This enabled differences between each control subgroup to
be detected rather than combining control subgroups.
Similarly, for EEG measures which differed between JME

patients not on ASM therapy (untreated) and those on
ASM therapy (treated), these were also added separately to
the model as dummy variables (control=0/untreated
JME =1; control = 0/treated JME =1). Estimated marginal
means of EEG measures for subgroups were obtained from
these multivariable regression models.
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We calculated receiver operating characteristic (ROC)
curves for EEG features which were significantly different
in univariate JME versus control analysis, to quantify their
ability to discriminate JME and control EEGs. An optimal
cut-off point was obtained for the EEG feature with the high-
est ROC area under the curve (AUC), using the value with
the highest sensitivity and specificity values. Positive and
negative predictive values were calculated using standard
methods.*”

Influence of confounding factors on EEG features. Associations
between potential confounders and EEG features were tested
using Spearman’s rank tests for continuous variables (age,
EEG time, epoch length) and two-tailed Mann—Whitney tests
(stratified by JME and control groups) for sex. For analysis
of EEG time, 11 JME EEGs with recording times between
23.35 and 00.21 were excluded, leaving only EEGs with re-
cording times between 8:00-20:00. Differences in EEG fea-
tures between JME individuals not on ASM therapy
(untreated) and those on ASM therapy (treated) at the time
of the EEG were tested using multiple linear regression mod-
els of each EEG feature including age as a covariate. A one-
way analysis of covariance (ANCOVA) was used to test for
differences in EEG features between BIOJUME recruitment
countries (n="7), controlling for age and epoch length.

Associations with clinical phenotypes in juvenile myoclonic
epilepsy. Multiple linear regression analysis was performed
to test for associations of EEG features with clinical variables
(seizure type, seizure control, PPR) within the JME cohort.
Estimated marginal means of EEG measures for JME sub-
groups were obtained from these multivariable regression
models.

Since sodium valproate is the most effective ASM in JME,
we also performed additional analysis of the association be-
tween seizure control and EEG features in the subset of pa-
tients who report having used sodium valproate to control
their seizures to check if a lack of sodium valproate use in fe-
males was creating additional heterogeneity in the
drug-resistant subgroup (results presented in Supplementary
Material).

Test—retest reliability of EEG measures. Two methods were
used to investigate the test-retest reliability of each EEG
measure: (i) Spearman’s rank correlation coefficient and (ii)
intra-class correlation (ICC). The test—retest reliability of
EEG features were tested first between epochs within the
same EEG recording session (between-epoch) and second,
between EEGs from different recording sessions but in the
same ASM treatment state (both EEG taken whilst untreated
or both while treated) (between-EEG). For the
between-epoch analysis a two-way mixed model ICC with
absolute agreement was used, using single measures. For
the between-EEG analyses, a two-way mixed model ICC
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with absolute agreement, using average measures was used.
To control for the effect of epoch length, we ran further ana-
lysis comparing EEG measures between epochs of the same/
similar (+ 5 s) length.

BIOJUME is funded by the Canadian Institutes of Health
Research (MOP-142405) and received ethical approval
from the National Health Service (NHS) Health Research
Authority (South Central—Oxford C Research Ethics
Committee, reference 16/SC/0266) and the Research Ethics
Board of the Hospital for Sick Children, Toronto
(REB#1000033784). Local ethical approvals were also
held for all international sites. All procedures complied
with appropriate regulatory requirements and ethical princi-
ples in line with the Declaration of Helsinki. Informed con-
sent was obtained and documented for all participants.
Assent was obtained from minors (under 16), and informed
consent was obtained on their behalf by a parent or legally
appropriate guardian. All data from participants were
de-identified before entry onto the central database.

The data supporting the findings of this study are available
from the corresponding author upon reasonable request.

Results

One hundred and ninety-four EEGs from 147 individuals
with JME and 95 EEGs from 95 control participants were in-
cluded in this study. Demographics from both groups and
EEG details are presented in Table 2, with the JME group
further stratified by ASM treatment status and the control
group broken down by data origin. There were significant
age (U=5156, P=0.003) and sex (y*=7.3, P=0.007) dif-
ferences between JME and control cohorts. Furthermore,
EEG time was significantly different between JME and con-
trols, with JME EEGs occurring earlier than control EEGs
(U=661, P=2.6x107"%). Whilst all EEG epochs were be-
tween 10 and 20 s long, control epochs were on average signifi-
cantly longer than JME epochs (U=4353, P=1.7x107%). The
clinical characteristics of the JME cohort are presented in
Table 3.

Table 4 shows the results of univariate tests of EEG features
between controls and JME. Average relative PSD plots for
both JME and controls are displayed in Supplementary
Fig. 3. Relative delta PSD and PAF are significantly lower
in JME than controls whilst relative low-alpha PSD, alpha
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Table 2 Demographics of JME and control participants included in the EEG study
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Table 4 (continued)

Stratified control groups

Control versus JME
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Bonferroni-holm

Uncorrected

Bonferroni-holm

Uncorrected

corrected P-values

P-values
0013

Mean diff

Comparison

ROC AUC

Hedge’s g

P-values corrected P-values

EEG feature

0.039

0.017

LEAP versus Chowdhury (Mann—Whitney)

0.00021

Difference between groups (Kruskal-Wallis)
LEAP versus JME (Mann—Whitney)

0.65

0.56

5.6x 10~

BNI

0.00063
0.024
0.19

0.00021
0.012
0.19

-2.87
—1.47
—1.40

Chowdhury versus JME (Mann—Whitney)

LEAP versus Chowdhury (Mann—Whitney)

Area under the receiver operating curve. Bold text indicates P < 0.05.

Longitudinal European Autism Project; PSD = power spectral density; AUC ROC

brain network ictogenicity; JME = juvenile myoclonic epilepsy; LEAP

BNI=

A. Shakeshaft et al.

A proposed cut-off value for low-alpha PSD is >0.0066,
which has a sensitivity of 0.69 and a specificity of 0.67
(Supplementary Fig. 4). Using this threshold of relative low-
alpha PSD gives a positive predictive value (PPV) of 77% and
a negative predictive value (NPV) of 58%.

Using only untreated JME EEGs compared with controls
increases the ROC AUC for low-alpha PSD to 0.78 (95%
CI=0.70-0.85, P=6.2x10""). The same thresholding
method gave the same cut-off value of >0.0066, as above
(sensitivity = 75%, specificity = 67 %), giving a PPV of 59%
and a NPV of 81%.

Sex. There was a weak association of higher PAF in females
with JME (U=1841, P=0.07), otherwise there were no sex
differences in any EEG feature in JME or control groups.

Age, epoch length and EEG time. Figure 3A and
Supplementary Table 7 shows the results of Spearman’s
rank correlation between each EEG feature and potentially
confounding continuous variables (age, EEG time and epoch
length) in controls and JME. Age and epoch length were as-
sociated with a variety of frequency-based and network-
based EEG features, whilst EEG time was associated only
with frequency-based features. Interestingly, the relationship
between PAF and EEG time was opposing in controls (r;=
~0.38, P=0.015) and JME (r,=0.18, P=0.038).

Anti-seizure medication treatment. Low-alpha PSD was sig-
nificantly higher in untreated JME EEGs compared with
treated JME EEGs (B =—0.002, P =0.03) in a multiple linear
regression model controlling for age. P-values for ASM treat-
ment status were >0.1 for all other EEG features.

EEG site. The site at which BIOUME EEGs were recorded
had no significant association (P > 0.28) with any frequency-
based EEG features. Clustering coefficient was the only fea-
ture to show evidence of a difference between sites
[ANCOVA: (F(6130)=2.14, P=0.053), Supplementary
Fig. 5]. No other network-based measure significantly dif-
fered between sites (P >0.20).

Table 5A shows the test-retest reliability between epochs in
the same EEG recording and Table 5B between multiple EEG
recordings in the same ASM treatment state in JME partici-
pants. Between epochs, there is excellent reliability (ry>
0.87,1CC > 0.88) for all frequency-based measures, with dif-
ferences in epoch length having a minimal effect on reliabil-
ity. However, for network topology measures there is lower
test—retest reliability but improving when epoch length is
consistent. BNI has a good reliability (ry>0.73, ICC>
0.77), with epoch length having little effect.

The results presented in Table 5B should be interpreted
with more caution due to the smaller number of EEGs
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Figure 2 Results from analysis of EEG features between JME and controls. (A) Summary of the estimated marginal mean difference of
EEG features in JME compared with controls, from multiple linear regression models. Models control for epoch length, age (for all measures) and
EEG time (for log alpha shift and PAF only). The central marker shows estimated marginal mean difference and error bars are 95% confidence
intervals. Model result tables, including beta coefficients and exact P-values are presented in Supplementary material. *P < 0.05, **P < 0.01 and ***P
<0.001. (B) ROC curves for EEG features in JME and controls. Area under the ROC values are presented in the legend. Low-alpha PSD, Alpha shift
& Delta PSD: JME N = 147, control N =95; PAF: JME N = 146, control N =93; mean strength and BNI: JME N = 146, control N =95BNI = brain
network ictogenicity; JME = juvenile myoclonic epilepsy; LEAP = Longitudinal European Autism Project; PAF = peak alpha frequency; PSD =
power spectral density; ROC AUC = area under the receiver operating curve

available for this analysis (total 7 =21) and the potential effect
of age on these measures (13 EEGs were performed <1 year
apart, 8 EEGs between 2 and 10 years apart). To account
for epoch length, we further ran the analysis including only
epochs +35s difference in length. The reliability is much
more variable across the frequency and network topology
measures, however, remains good (ICC > 0.75) for delta, low-
alpha and beta PSD, mean strength, path length and BNIL.

Figure 3B shows a summary of associations of each EEG fea-
ture with a variety of clinical variables in the JME cohort,
showing standardized beta coefficients from multiple linear
regression models controlling for age and epoch length.
The greatest standardized beta-coefficient changes from 0
exist for functional network topology measures, particularly
average clustering coefficient, average characteristic path
length and small-world index. All clinical outcomes in
Fig. 3B (absence seizures, lack of PPR, no morning predom-
inance of seizures and triggered seizures) have been asso-
ciated with worse seizure control in this dataset.?®

Additional sensitivity checks of associations of EEG features
with seizure prognosis in a limited dataset of only those with
JME who report having used sodium valproate (7 = 83) are re-
ported in Supplementary Table 9. A similar pattern of results is
seen in this smaller sample, with a significant association of de-
creased path length with worse seizure control (standardized
=-0.24, P=0.04). However, unlike in the full sample, in-
creased relative beta PSD is weakly associated with seizure
control in this subsample (standardized p=0.23, P=0.05).

Discussion

This study uses a range of EEG features to characterize dif-
ferences in the interictal EEG of individuals with JME com-
pared with controls and assess their heterogeneity within and
between cohorts. Our results support findings from previous
studies in IGE,>”>!” showing that the low-alpha frequency
range is the most abnormal, with significantly elevated low-
alpha PSD and lower peak alpha frequency in JME com-
pared with controls. Furthermore, we show that these find-
ings are reproducible when using EEGs from multiple sites

£20z fieniga4 90 uo 1senb Aq §E0¥£99/08 | 0BY/ b/ /8|01B/SWIWOooUIRIG/Woo dnoolwepeoe//:sdiy Woll papeojumod


http://academic.oup.com/braincomms/article-lookup/doi/10.1093/braincomms/fcac180#supplementary-data
http://academic.oup.com/braincomms/article-lookup/doi/10.1093/braincomms/fcac180#supplementary-data

12 | BRAIN COMMUNICATIONS 2022: Page 12 of 17

A
Age EEG Time | Epoch
Control  JME |Control JME | Length
Defta PSDo = " . ' 04
=, - * * *
Low-alpha PSD | 64
High-alpha PSD- . *
F 102
Beta PSD-{NEN *
Alpha shift- . . 1041
Peak alpha frequency- = . * - F 40
Mean strength-| - I
Mean strength variance - - i
Clustering coefficient< = e
4-03
Path length<
Small-world index4{ * ot " - 1-04

Jua191}J902 UOIJE|8.LI0D YuB) ueuLeadg

A. Shakeshaft et al.

&
& o
2 4
B q’@. -<1>)& ; \“_\s\ 6‘(’6& ‘ (l,‘)@
%0\ & f-_?’@ .\(\QQ& &
Fo & & @d&“({o &
RS &£ & ® & _c%e
é? B3 A&
1 1 L 1
0.20
Delta PSD - ﬂ M
Low-alpha PSD — j 015
High-alpha PSD = F 4 010 %2
_ a
Beta PSD L 1005 g‘-
Alpha shift = N
40 &
Peak alpha frequency = g
Mean strength = o008 E
Mean strength variance = F 1 -0.10 i‘
; s | g
Clustering coefficient - #% * L {015 8
Path length - #% * o
F 4 -020
Small-world index = m -
BNI F 4 -025

Figure 3 Factors influencing EEG features within and between cohorts. (A) Heatmap representing the influence of continuous
covariates on each EEG feature in control and JME cohorts. Colour represents the Spearman’s rank correlation coefficient between the
continuous covariates and EEG features (green = positive correlation, red = negative correlation). Age and EEG time results are stratified by JME/
controls. Test statistics, exact P-values and N for each correlation is displayed in Supplementary Table 7. (B) Heatmap showing the standardized
beta coefficients of clinical variables in multiple linear regression models of EEG features in JME cohort. All models control for age and epoch
length. Unstandardized and standardized f coefficients and exact P-values for each association are displayed in Supplementary Table 8. *P < 0.05,
**P < 0.01BNI = brain network ictogenicity; JME = juvenile myoclonic epilepsy; PPR = photoparoxysmal response; PSD = power spectral density;

Sz =seizures

and multiple cohorts of patients, giving them considerable
external validity and potential for application in settings outside
of research. A novel finding was increased BNI in functional
networks derived from JME EEGs, which corroborates the
same findings in other epilepsies'***** and using other modal-
ities, such as MEG.””

Functional network topology measures, such as average
clustering coefficient, average characteristic path length
and small-word index, were the only features which consist-
ently differ within the JME cohort depending on seizure phe-
notypes. JME patients with poor seizure control (or risk
factors for it) have significantly lower path length and clus-
tering coefficient than those with good seizure control.

In addition, our results highlight that confounding factors
such as age and epoch length have a considerable effect on
many EEG features and so should be carefully controlled
for. These confounding factors may explain the variability
of findings from previous studies investigating network top-
ology measures in epilepsy.

ROC analysis showed that low-alpha PSD has ‘acceptable’
clinical discriminatory ability between JME and controls
(AUC between 0.7-0.8),*° with PAF and BNI falling just

below this threshold at 0.67 and 0.65, respectively.
However, associated P-values show these measures are high-
ly significant in their ability to differentiate above chance.
Further investigation of relative low-alpha PSD as a bio-
marker showed satisfactory sensitivity (69%), specificity
(67%), PPV (77%) and NPV (58%) in analysis including
all JME individuals, improving when comparing controls
to only untreated JME individuals (AUC improvement
from 0.72 to 0.78). This suggests low-alpha PSD may have
promise as a biomarker of JME; however, this requires rep-
lication in independent cohorts. A previous study by Schmidt
et al."’ investigated EEG biomarkers of IGE and found that a
local coupling biomarker best classified IGEs from controls,
compared with other EEG parameters such as average power
across the whole EEG power spectrum, peak alpha fre-
quency and mean degree of functional networks. However,
this study did not investigate the low-alpha PSD specifically
and investigated all IGE syndromes, not just JME.

Neural oscillations in the alpha frequency band are thought
to arise from cortico-thalamic interactions and govern top—
down control of cognitive processes and feedback processing
from higher-order cortical areas to lower-order visual areas.'’
However, the exact mechanisms of alpha oscillations are com-
plex and poorly understood. Despite the mechanistic complex-
ity, it is clear that alterations in alpha oscillations are seen in a
number of neurological and psychiatric disorders, including de-
mentia, schizophrenia, stroke*' and epilepsy. The shift in alpha
oscillatory activity from a higher frequency in healthy controls
to a lower frequency in epilepsy patients, is particularly relevant
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Table 5 (A) The test—retest reliability of EEG features in different epochs from the same EEG. ICC (intra-class correlation). (B) The
test—retest reliability of EEG features in multiple EEG recordings taken when the participant was in the same treatment state (either

both in the untreated state or both in the treated state)

(A) Test-retest reliability (between epochs in the same EEG)

Spearman’s r ICC
All epochs Equal length All epochs Equal length
EEG feature (n=178) epochs (n=116) (95% CI) (n=178) epochs (n=116)
Delta PSD 0.90 0.90 0.91 (0.88-0.93) 0.91 (0.88-0.94)
Low-alpha PSD 0.90 0.92 0.91 (0.88-0.93) 0.93 (0.91-0.95)
High-alpha PSD 0.90 091 0.88 (0.84-0.91) 0.91 (0.87-0.94)
Beta PSD 091 0.95 0.90 (0.87-0.92) 0.94 (0.92-0.96)
Peak alpha frequency 0.88 0.86 0.87 (0.84-0.91) 0.89 (0.85-0.92)
Log)o alpha shift 091 0.91 0.91 (0.88-0.93) 0.93 (0.90-0.95)
Mean strength 0.79 0.83 0.82 (0.76-0.86) 0.85 (0.79-0.89)
Mean strength 0.69 0.74 0.73 (0.66—0.80) 0.78 (0.70-0.84)
variance

Clustering coefficient 041 0.36 0.59 (0.48-0.68) 0.64 (0.52-0.74)
Path length 0.45 0.54 0.49 (0.38-0.60) 0.55 (0.41-0.67)
Small-world index 0.44 0.44 0.55 (0.44-0.64) 0.58 (0.45-0.69)
BNI 0.76 0.8l 0.78 (0.72-0.83) 0.81 (0.73-0.86)
(B) Test-retest reliability (between multiple EEGs in same treatment state)

Spearman’s r ICC

All epochs (n=  Equal length epochs +5s (n=  All epochs (95% CI) (n= Equal length epochs +5s (n=

EEG feature 21) 13) 21) 13)

Delta PSD 0.70 0.80 0.83 (0.57-0.93) 0.86 (0.54-0.96)
Low-alpha PSD 0.72 0.59 0.78 (0.48-0.91) 0.73 (0.09-0.92)
High-alpha PSD 0.34 0.45 0.51 (—0.24-0.81) 0.55 (—0.58-0.86)
Beta PSD 0.72 0.70 0.87 (0.68-0.95) 0.89 (0.62-0.97)
Peak alpha frequency 0.34 0.18 0.48 (—0.27-0.79) 0.36 (—1.34-0.81)
Log) alpha shift 0.54 0.43 0.67 (0.22-0.87) 0.62 (—0.34-0.89)
Mean strength 0.74 0.67 0.85 (0.65-0.94) 0.84 (0.51-0.95)
Mean strength 0.38 0.03 0.67 (0.18-0.87) 0.55 (—0.59-0.86)

variance

Clustering coefficient 0.18 0.41 0.54 (—0.05-0.81) 0.86 (0.51-0.96)
Path length 0.42 0.42 0.78 (0.45-0.91) 0.77 (0.25-0.93)
Small-world index 0.46 0.63 0.72 (0.29-0.89) 0.86 (0.53-0.96)
BNI 0.64 0.55 0.80 (0.50-0.92) 0.75 (0.24-0.92)

BNI =brain network ictogenicity; JME = juvenile myoclonic epilepsy; PSD = power spectral density.

to IGE syndromes, since dysfunction in thalamocortical con-
nections are thought to drive the generation of spike-wave dis-
charges and generalized seizures.' "'

Delta PSD was lower in JME EEGs compared with con-
trols in both univariate and multivariable analysis. Unlike
the alpha frequency band, we are not aware of any previous
evidence regarding abnormal delta frequency in patients
with IGE, and no differences were reported in patients
with temporal lobe epilepsy;** therefore replication would
be required for any conclusions to be drawn. Furthermore,
in the ROC analysis, delta PSD differentiates between con-
trols and JME to a lesser (weaker) extent than other EEG
measures (such as low-alpha PSD and BNI), however still
warrants further investigation.

Our results indicate that functional network topology, as de-
rived from activity in the 6-9 Hz frequency range, is

inherently different in JME compared with healthy controls,
supporting evidence from other studies in IGE.'”>?72%%3 We
can conclude that these differences are not due to ASM treat-
ment as there were no differences in network topology mea-
sures between untreated and treated individuals with JME.
The mean strength of JME functional networks was signifi-
cantly higher than controls in both univariate and multivari-
able analysis, and the variance of mean strength was also
significantly higher in JME than Chowdhury controls, replicat-
ing results from the original study.'” An increase in the mean
strength of networks in JME indicates that the EEG signal,
and therefore brain oscillatory activity, at each node is syn-
chronized to the activity at other nodes to a higher extent
than in controls. However, the increase in mean strength vari-
ability also indicates that there may be both abnormally under-
connected brain regions as well as over-connected regions. The
opposing direction of effect between clustering coefficient and
path length in Chowdhury/LEAP control networks compared
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with JME is unexpected and puzzling, and potential factors in-
fluencing this, including differences in age and epoch length,
are discussed in the following context.

As well as differences in static network topology, this
study also investigated differences in JME functional net-
works using BNI, a computational framework that uses a dy-
namic model to characterize the likelihood of brain networks
to enter a seizure-like state. The use of dynamic models in
epilepsy research, such as BNI, shows promise both in the
identification of diagnostic and prognostic biomar-
kers,"®1%2%27 and also in aiding the understanding and
modelling the transition of the brain into a seizure state. As
hypothesized, this study revealed that individuals with
JME have an increased likelihood of brain networks to tran-
sition to a seizure state (higher BNI) compared with controls.

We investigated how factors such as age, time of day and
epoch length influenced EEG features in JME and control co-
horts. Epoch length was highly associated with network top-
ology measures, particularly clustering coefficient and
small-world index, as well as lower frequency PSD measures,
supplementing evidence from previous studies.>® Age was also
associated with multiple EEG features, as expected from
knowledge of EEG and brain network changes through devel-
opment. For example, delta PSD decreased and beta PSD in-
creased with age in both JME and control cohorts, reflecting
known associations of EEG oscillations with maturation,****

Alpha shift (the ratio of low to high-alpha PSD) was nega-
tively correlated with EEG time (lower values later in the day)
in JME but showed no association in controls. A morning
predominance of seizures is a hallmark of JME and transcra-
nial magnetic stimulation studies indicate cortical excitability
is highest in the morning in patients.*®*” Hence, the fact that
certain EEG parameters differ in JME throughout the day
may reflect a differing seizure threshold. However, this ana-
lysis was somewhat limited since most JME EEGs took place
in the morning, compared to the afternoon for controls.
Matching future studies on EEG time would allow this diur-
nal change in hyperexcitability in JME and the effect on EEG
features to be investigated further.

Our investigation of the association of EEG features with
clinical phenotypes in the JME cohort showed little evidence
of associations with frequency-based EEG features in main
analysis, but some evidence of associations with functional
network topology. However, when we included only the sub-
set of individuals exposed to valproate, we found some evi-
dence of an association between increased beta PSD with
poor seizure control. This slightly differing result limits any
conclusions about this association, and highlights the limita-
tion of the commonly used definitions of seizure control/seiz-
ure prognosis, which are discussed in the following context.

A. Shakeshaft et al.

Previously, work from Abela et al.,” showed associations
of alpha oscillatory activity with seizure control in IGE
and, however more recent evidence from Pegg et al.” showed
no difference in PSD between well-controlled and
drug-resistant patients with IGE. However, we note differing
definitions and methods of defining seizure control/progno-
sis between studies. EEGs in the present study were obtained
from patients at any point during their epilepsy clinical care
with a median of 4 years between-EEG acquisition and re-
cruitment into the study (when seizure prognosis was re-
corded). Conversely, Abela et al.’ and Pegg et al.” recorded
EEGs at the time of recruitment. Definitions of seizure con-
trol also differ between studies, with the present study and
Pegg et al.” using the commonly used definition of drug re-
sistance in epilepsy** (continuation of seizures despite at
least two ASM trials), whereas Abela et al.’ defined those
with poor seizure control as four or more seizures of any
type during the 12 months prior to the study inclusion.

Alterations in functional network topology showed asso-
ciations with clinical features in JME, particularly clustering
coefficient, reflecting a network’s functional segregation, and
path length, reflecting a network’s functional integration.
Shorter average path length and decreased clustering coeffi-
cient were associated with poorer seizure control in this
JME cohort. Shorter path length was also associated with ex-
periencing triggered seizures, and decreased clustering coef-
ficient was associated with not experiencing PPR, both
phenotypes associated with having a worse seizure outcome
in this cohort.?® A short average path length and low cluster-
ing is representative of more random networks, whereby in-
formation can pass easily through the network from one
node to functionally distinct nodes due to longer range func-
tional connections,*® and therefore, speculatively, may have
an increased likelihood to synchronize more easily, implying
an increased vulnerability to seizures. Indeed, JME networks
have been shown to transition to more random network top-
ology during spike-wave discharges, with decreased cluster-
ing in theta and beta frequency bands.*’

Conversely, higher small-world index, a measure derived
from CC and PL, was significantly associated with experien-
cing absence seizures. A higher small-world index indicates
networks have more regular, lattice-like structures, with
high clustering, but also with long range connections from
functionally distinct regions, keeping the average path length
short. Given that experiencing absence seizures is strongly as-
sociated with poorer seizure outcome,?®? it is surprising that
differing network types (random versus ordered) are asso-
ciated with these two phenotypes. However, several studies
of network topology in patients with absence seizures have
also shown increased clustering, both in the ictal®" and inter-
ictal state,* indicating networks with a more ordered, lattice-
like topology may be more vulnerable to absence seizures. In
addition, a study by Lee et al.** showed that individuals with
absence epilepsy had the highest small-world index compared
with other IGE syndromes, including JME.

Previous literature on functional connectivity in epilepsy is
variable because results can differ depending on modality

£20z fieniga4 90 uo 1senb Aq §E0¥£99/08 | 0BY/ b/ /8|01B/SWIWOooUIRIG/Woo dnoolwepeoe//:sdiy Woll papeojumod



Resting-state EEG in JME

(EEG, MEG, fMRI), functional connectivity measure (PLV,
coherence, correlation, and so on) and the frequency band
[low-alpha (6-9 Hz), high-alpha (10-11 Hz) or wider bands
(2-20 Hz)], therefore making comparisons between the pre-
sent results and previous evidence challenging. A study from
Pegg et al.,*" using EEG derived functional networks from
patients with IGE, showed no differences in network top-
ology between well-controlled (n=19) and drug-resistant
patients (7=18) at 6-9 Hz nor 10-11 Hz, using PLV.
Potential reasons for this difference in results include sam-
pling differences (IGE versus JME only) and a small sample
size in the prior study,”! potentially reducing the statistical
power to detect the differences apparent in this larger cohort.

In this study, functional networks were modelled in the 6-
9 Hz frequency range only. We chose this band based on
the results of our frequency analysis showing that the low-
alpha range showed the most significant changes in JME
compared to controls, but also on previous evidence from
frequency and network studies in IGE showing similar
results,”!7>1934

As indicated previously, there are limitations in definitions
of seizure prognosis in epilepsy research in general that also
apply to this study. We decided to use the internationally
agreed definition of drug resistance in epilepsy* (continu-
ation of seizures despite >2 appropriate ASM trials) to define
poor prognosis, and the internationally agreed definition of
seizure freedom>” (no seizures for at least one year) as good
prognosis. The addition of an intermediate group for those
who do not fit into either category was used to maximize
the sample and avoid excessive heterogeneity within groups
which would likely be present if using binary drug-resistant
(yes/mo) or binary seizure freedom (yes/no) groups.

Individuals with JME have increased power of neural oscil-
latory activity at low-alpha frequencies, along with in-
creased BNI compared with controls, supporting evidence
from studies in other epilepsies with considerable external
validity. There is encouraging evidence for the use of low-
alpha PSD as a biomarker of JME but requires replication
in an independent data set. Functional network topology
measures are variable and prone to confounding but show
significant associations with clinical features and outcomes
in JME.

Acknowledgements

The authors acknowledge all research staff at BIOJUME re-
cruitment sites, in particular, those aiding with EEG collec-
tion (full list in Appendix); the BIOJUME phenotyping
panel: Christoph P. Beier, Khalid Hamandi, Guido

BRAIN COMMUNICATIONS 2022: Page I150f 17 | 15

Rubboli, Marte Syvertsen and Rhys Thomas; members of
the EU-AIMS Longitudinal European Autism Project
(LEAP) and Fahmida Chowdhury for collecting control
EEG data. Figure 1 was created with BioRender.com.

Funding

The BIOJUME study is funded by the Canadian Institutes of
Health Research [grant number 201503MOP-342469]
(D.K.P.). This article represents independent research part
funded by the National Institute for Health Research
(NIHR) Biomedical Research Centre at South London and
Maudsley NHS Foundation Trust and King’s College
London. In addition, the authors acknowledge funding
from the UK Medical Research Council, Centre for
Neurodevelopmental Disorders [grant number MR/
N026063/1] (D.K.P.,, M.P.R.); UK Medical Research
Council, Programme grant [grant number MR/K013998/1],
(M.P.R.); PhD stipend from UK Medical Research Council
and the Sackler Institute for Translational Neurodevelopment
(A.S.); and UK Engineering and Physical Sciences Research
Council, Centre for Predictive Modelling in Healthcare
[grant number EP/N014391/1] (M.P.R.). The results leading
to this publication have received funding from the Innovative
Medicines Initiative 2 Joint Undertaking under grant agree-
ment No 777394 for the project AIMS-2-TRIALS. This
Joint Undertaking receives support from the European
Union’s Horizon 2020 research and innovation programme
and EFPIA (European Federation of Pharmaceutical
Industries and Associations) and AUTISM SPEAKS,
Autistica, SFARI (Simons Foundation Autism Research
Initiative). The funders had no role in the design of the study;
in the collection, analyses or interpretation of data; in the
writing of the manuscript or in the decision to publish the re-
sults. Any views expressed are those of the author(s) and not
necessarily those of the funders.

Competing interests

The authors report no competing interests or conflicts of
interest.

Supplementary material

Supplementary material is available at Brain Communications
online.

Appendix |

Alessandro Orsini, Alice Howell, Alison Hyde, Alison
McQueen, Almu Duran, Alok Gaurav, Amber
Collingwood, Amy Kitching, Amy Shakeshaft, Anastasia

£20z fieniga4 90 uo 1senb Aq §E0¥£99/08 | 0BY/ b/ /8|01B/SWIWOooUIRIG/Woo dnoolwepeoe//:sdiy Woll papeojumod


http://academic.oup.com/braincomms/article-lookup/doi/10.1093/braincomms/fcac180#supplementary-data

16 | BRAIN COMMUNICATIONS 2022: Page 16 of 17

Papathanasiou, Andrea Clough, Andrew Gribbin, Andrew
Swain, Ann Needle, Anna Hall, Anna Smith, Anne
Macleod, Asyah Chhibda, Beata Fonferko-Shadrach,
Bintou Camara, Boyanka Petrova, Carmel Stuart, Caroline
Hamilton, Caroline Peacey, Carolyn Campbell, Catherine
Cotter, Catherine Edwards, Catie Picton, Charlotte Busby,
Charlotte Quamina, Charlotte Waite, Charlotte West,
Ching Ching Ng, Christina Giavasi, Claire Backhouse,
Claire Holliday, Claire Mewies, Coleen Thow, Dawn
Egginton, Debbie Dickerson, Debbie Rice, Dee Mullan,
Deirdre Daly, Dympna Mcaleer, Elena Gardella, Elma
Stephen, Eve Irvine, Eve Sacre, Fan Lin, Gail Castle,
Graham Mackay, Halima Salim, Hannah Cock, Heather
Collier, Helen Cockerill, Helen Navarra, Hilda Mhandu,
Holly Crudgington, Imogen Hayes, loannis Stavropoulos,
Jacqueline Daglish, Jacqueline Smith, Jacqui Bartholomew,
Janet Cotta, Javier Pefia Ceballos, Jaya Natarajan, Jennifer
Crooks, Jennifer Quirk, Jeremy Bland, Jo Sidebottom,
Joanna Gesche, Joanne Glenton, Joanne Henry, John Davis,
Julie Ball, Kaja K. Selmer, Karen Rhodes, Kelly Holroyd,
Kheng Seang Lim, Kirsty O’Brien, Laura Thrasyvoulou,
Linetty Makawa, Lisa Charles, Lisa Richardson, Liz
Nelson, Lorna Walding, Louise Woodhead, Loveth
Ehiorobo, Lynn Hawkins, Lynsey Adams, Margaret
Connon, Marie Home, Mark Baker, Mark Mencias, Mark
P. Richardson, Mark Sargent, Marte Syvertsen, Matthew
Milner, Mayeth Recto, Michael Chang, Michael
O’Donoghue, Michael Young, Munni Ray, Naim Panjwani,
Naveed Ghaus, Nikil Sudarsan, Nooria Said, Owen Pickrell,
Patrick Easton, Paul Frattaroli, Paul McAlinden, Rachel
Harrison, Rachel Swingler, Rachel Wane, Rebecca Ramsay,
Rikke S. Moller, Robert McDowall, Rosie Clegg, Sal Uka,
Sam White, Samantha Truscott, Sarah Francis, Sarah
Tittensor, Sarah-Jane Sharman, Seo-Kyung Chung,
Shakeelah Patel, Shan Ellawela, Shanaz Begum, Sharon
Kempson, Sonia Raj, Sophie Bayley, Stephen Warriner,
Susan Kilroy, Susan MacFarlane, Thomas Brown, Tinashe
Samakomva, Tonicha Nortcliffe, Verity Calder, Vicky
Collins, Vicky Parker, Vivien Richmond, William Stern,
Zena Haslam, Zuzana Sobiskovd, Amit Agrawal, Amy
Whiting, Andrea Pratico, Archana Desurkar, Arun
Saraswatula, Bridget MacDonald, Choong Yi Fong,
Christoph P. Beier, Danielle Andrade, Darwin Pauldhas,
David A. Greenberg, David Deekollu, Deb K. Pal, Dina
Jayachandran, Dora Lozsadi, Elizabeth Galizia, Fraser
Scott, Guido Rubboli, Heather Angus-Leppan, Inga Talvik,
Inyan Takon, Jana Zarubova, Jeanette Koht, Julia Aram,
Karen Lanyon, Kate Irwin, Khalid Hamandi, Lap Yeung,
Lisa J. Strug, Mark Rees, Markus Reuber, Martin
Kirkpatrick, Matthew Taylor, Melissa Maguire, Michalis
Koutroumanidis, Muhammad Khan, Nick Moran, Pasquale
Striano, Pronab Bala, Rahul Bharat, Rajesh Pandey, Rajiv
Mohanraj, Rhys Thomas, Rosemary Belderbos, Sein
J. Slaght, Shane Delamont, Shashikiran Sastry, Shyam
Mariguddi, Siva Kumar, Sumant Kumar, Tahir Majeed,
Uma Jegathasan, William Whitehouse. For details of
BIOJUME sites see Supplementary material.

A. Shakeshaft et al.

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

Kasteleijn- Nolst Trenité DGA, Schmitz B, Janz D, et al. Consensus
on diagnosis and management of JME: From founder’s observations
to current trends. Epilepsy Bebav. 2013;28:587-S90. doi: 10.1016/
.yebeh.2012.11.051

International League Against Epilepsy. Juvenile myoclonic epilepsy.
Accessed 4 June 2021. https:/www.epilepsydiagnosis.org/
syndrome/jme-eeg.html

Gibbs FA, Gibbs EL, Lennox WG. Electroencephalographic classi-
fication of epileptic patients and control subjects. Arch Neurol
Psychiatry. 1943;50(2):111-128. doi: 10.1001/archneurpsyc.
1943.02290200011001

Stoller A. Slowing of the alpha-rhythm of the electroencephalogram
and its association with mental deterioration and epilepsy. ] Mental
Sci. 1949;95(401):972-984. doi: 10.1192/bjp.95.401.972

Abela E, Pawley AD, Tangwiriyasakul C, et al. Slower alpha rhythm
associates with poorer seizure control in epilepsy. Ann Clin Transl
Neurol. 2019;6(2):333-343. doi: 10.1002/acn3.710

Pyrzowski J, Sieminski M, Sarnowska A, Jedrzejczak J, Nyka WM.
Interval analysis of interictal EEG: Pathology of the alpha rhythm in
focal epilepsy. Sci Rep. 2015;5:16230. doi: 10.1038/srep16230
Pegg EJ, Taylor JR, Mohanraj R. Spectral power of interictal EEG in
the diagnosis and prognosis of idiopathic generalized epilepsies.
Epilepsy Behav. 2020;112:107427. doi: 10.1016/j.yebeh.2020.
107427

Larsson PG, Kostov H. Lower frequency variability in the alpha ac-
tivity in EEG among patients with epilepsy. Clin Neurophysiol.
2005;116(11):2701-2706. doi: 10.1016/j.clinph.2005.07.019
Yaakub SN, Tangwiriyasakul C, Abela E, et al. Heritability of alpha
and sensorimotor network changes in temporal lobe epilepsy. Ann
Clin Transl Neurol 2020;7(5):667-676. doi: 10.1002/acn3.51032
Halgren M, Ulbert I, Bastuji H, et al. The generation and propaga-
tion of the human alpha rhythm. Proc Natl Acad Sci U S A 2019;
116(47):23772-23782. doi: 10.1073/pnas.1913092116

Szaflarski JP, DiFrancesco M, Hirschauer T, et al. Cortical and sub-
cortical contributions to absence seizure onset examined with EEG/
fMRL. Epilepsy Bebav 2010;18(4):404—413. doi: 10.1016/j.yebeh.
2010.05.009

Luttjohann A, van Luijtelaar G. Dynamics of networks during ab-
sence seizure’s on- and offset in rodents and man. Front Physiol.
2015;6:16. doi: 10.3389/fphys.2015.00016

O’Muircheartaigh J, Vollmar C, Barker GJ, et al. Abnormal thala-
mocortical structural and functional connectivity in juvenile myo-
clonic epilepsy. Brain. 2012;135(Pt 12):3635-3644. doi: 10.1093/
brain/aws296

Kim JB, Suh SI, Seo WK, Oh K, Koh SB, Kim JH. Altered thalamo-
cortical functional connectivity in idiopathic generalized epilepsy.
Epilepsia. 2014;55(4):592-600. doi: 10.1111/epi.12580

Clemens B. Pathological theta oscillations in idiopathic generalised
epilepsy. Clin Neurophysiol. 2004;115(6):1436-1441. doi: 10.
1016/j.clinph.2004.01.018

Glaba P, Latka M, Krause MJ, et al. Changes in interictal pretreat-
ment and posttreatment EEG in childhood absence epilepsy. Front
Neurosci. 2020;14:196. doi: 10.3389/fnins.2020.00196
Chowdhury FA, Woldman W, FitzGerald TH, et al. Revealing a
brain network endophenotype in families with idiopathic general-
ised epilepsy. PLoS Omne. 2014;9(10):e110136. doi: 10.1371/
journal.pone.0110136

Lopes MA, Perani S, Yaakub SN, Richardson MP, Goodfellow M,
Terry JR. Revealing epilepsy type using a computational analysis of
interictal EEG. Sci Rep. 2019;9(1):10169. doi: 10.1038/s41598-
019-46633-7

Schmidt H, Woldman W, Goodfellow M, et al. A computational
biomarker of idiopathic generalized epilepsy from resting state
EEG. Epilepsia. 2016;57(10):e200-e204. doi: 10.1111/epi.
13481

£20z fieniga4 90 uo 1senb Aq §E0¥£99/08 | 0BY/ b/ /8|01B/SWIWOooUIRIG/Woo dnoolwepeoe//:sdiy Woll papeojumod


http://academic.oup.com/braincomms/article-lookup/doi/10.1093/braincomms/fcac180#supplementary-data
https://doi.org/10.1016/j.yebeh.2012.11.051
https://doi.org/10.1016/j.yebeh.2012.11.051
https://www.epilepsydiagnosis.org/syndrome/jme-eeg.html
https://www.epilepsydiagnosis.org/syndrome/jme-eeg.html
https://doi.org/10.1001/archneurpsyc.1943.02290200011001
https://doi.org/10.1001/archneurpsyc.1943.02290200011001
https://doi.org/10.1192/bjp.95.401.972
https://doi.org/10.1002/acn3.710
https://doi.org/10.1038/srep16230
https://doi.org/10.1016/j.yebeh.2020.107427
https://doi.org/10.1016/j.yebeh.2020.107427
https://doi.org/10.1016/j.clinph.2005.07.019
https://doi.org/10.1002/acn3.51032
https://doi.org/10.1073/pnas.1913092116
https://doi.org/10.1016/j.yebeh.2010.05.009
https://doi.org/10.1016/j.yebeh.2010.05.009
https://doi.org/10.3389/fphys.2015.00016
https://doi.org/10.1093/brain/aws296
https://doi.org/10.1093/brain/aws296
https://doi.org/10.1111/epi.12580
https://doi.org/10.1016/j.clinph.2004.01.018
https://doi.org/10.1016/j.clinph.2004.01.018
https://doi.org/10.3389/fnins.2020.00196
https://doi.org/10.1371/journal.pone.0110136
https://doi.org/10.1371/journal.pone.0110136
https://doi.org/10.1038/s41598-019-46633-7
https://doi.org/10.1038/s41598-019-46633-7
https://doi.org/10.1111/epi.13481
https://doi.org/10.1111/epi.13481

Resting-state EEG in JME

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

Pegg EJ, Taylor JR, Keller SS, Mohanraj R. Interictal structural and
functional connectivity in idiopathic generalized epilepsy: A system-
atic review of graph theoretical studies. Epilepsy Behav. 2020;106:
107013. doi: 10.1016/j.yebeh.2020.107013

Pegg EJ, Taylor JR, Laiou P, Richardson M, Mohanraj R. Interictal
electroencephalographic  functional network topology in
drug-resistant and well-controlled idiopathic generalized epilepsy.
Epilepsia. 2021;62(2):492-503. doi: 10.1111/epi.16811

Lee DA, Kim BJ, Lee H]J, Kim SE, Park KM. Network characteristics
of genetic generalized epilepsy: Are the syndromes distinct? Seizure.
2020;82:91-98. doi: 10.1016/j.seizure.2020.09.022

Lopes MA, Richardson MP, Abela E, ez al. An optimal strategy for
epilepsy surgery: Disruption of the rich-club? PLoS Comput Biol.
2017;13(8):e1005637. doi: 10.1371/journal.pcbi.1005637
Goodfellow M, Rummel C, Abela E, Richardson MP, Schindler K,
Terry JR. Estimation of brain network ictogenicity predicts out-
come from epilepsy surgery. Sci Rep. 2016;6:29215. doi: 10.1038/
srep29215

Lopes MA, Richardson MP, Abela E, ez al. Elevated ictal brain net-
work ictogenicity enables prediction of optimal seizure control.
Front Neurol. 2018;9:98. doi: 10.3389/fneur.2018.00098

Laiou P, Avramidis E, Lopes MA, et al. Quantification and selection
of ictogenic zones in epilepsy surgery. Front Neurol. 2019;10:1045.
doi: 10.3389/fneur.2019.01045

Lopes MA, Krzeminski D, Hamandi K, et al. A computational bio-
marker of juvenile myoclonic epilepsy from resting-state MEG. Clin
Neurophysiol. 2021;132(4):922-927. doi: 10.1016/j.clinph.2020.
12.021

Shakeshaft A, Panjwani N, Collingwood A, et al. Sex-specific dis-
ease modifiers in juvenile myoclonic epilepsy. Sci Rep. 2022;12(1):
2785. doi: 10.1038/s41598-022-06324-2

Trenite DG K-N, Rubboli G, Hirsch E, ez al. Methodology of photic
stimulation revisited: Updated European algorithm for visual stimu-
lation in the EEG laboratory. Epilepsia. 2012;53(1):16-24. doi: 10.
1111/4.1528-1167.2011.03319.x

Harris PA, Taylor R, Thielke R, Payne J, Gonzalez N, Conde JG.
Research electronic data capture (REDCap)—A metadata-driven
methodology and workflow process for providing translational re-
search informatics support. | Biomed Inform. 2009;42(2):
377-381. doi: 10.1016/5.jbi.2008.08.010

Harris PA, Taylor R, Minor BL, et al. The REDCap consortium:
Building an international community of software platform partners.
] Biomed Inform.2019;95:103208. doi: 10.1016/1.jb1.2019.103208
Kwan P, Arzimanoglou A, Berg AT, et al. Definition of drug resist-
ant epilepsy: Consensus proposal by the ad hoc task force of the
ILAE commission on therapeutic strategies. Epilepsia. 2010;51(6):
1069-1077. doi: 10.1111/5.1528-1167.2009.02397.x

Fraschini M, Demuru M, Crobe A, Marrosu F, Stam CJ, Hillebrand
A. The effect of epoch length on estimated EEG functional connect-
ivity and brain network organisation. | Neural Eng. 2016;13(3):
036015. doi: 10.1088/1741-2560/13/3/036015

Petkov G, Goodfellow M, Richardson MP, Terry JR. A critical role
for network structure in seizure onset: A computational modeling
approach. Fromt Neurol. 2014;5:261. doi: 10.3389/fneur.2014.
00261

Loth E, Charman T, Mason L, et al. The EU-AIMS longitudinal
European autism project (LEAP): Design and methodologies to

36.

37.

38.

39.

40.

41.

42.

43.

44,

4S.

46.

47.

48.

49.

50.

S1.

BRAIN COMMUNICATIONS 2022: Page 17 of 17 | 17

identify and validate stratification biomarkers for autism spectrum
disorders. Mol Autism. 2017;8:24. doi: 10.1186/s13229-017-
0146-8

Oostenveld R, Fries P, Maris E, Schoffelen JM. Fieldtrip: Open
source software for advanced analysis of MEG, EEG, and invasive
electrophysiological data. Comput Intell Neurosci. 2011;2011:
156869. doi: 10.1155/2011/156869

The MathWorks Inc. MATLAB 2019a. Natick, Massachusetts.
2019

IBM Corp. IBM SPSS Statistics for Macintosh, Version 25.0.
Armonk, NY: IBM Corp. 2017

Trevethan R. Sensitivity, specificity, and predictive values:
Foundations, pliabilities, and pitfalls in research and practice.
Front Public Health. 2017;5:307. doi: 10.3389/fpubh.2017.00307
Mandrekar JN. Receiver operating characteristic curve in diagnostic
test assessment. | Thorac Oncol. 2010;5(9):1315-1316. doi: 10.
1097/JTO.0b013e3181ec173d

Hughes JR, John ER. Conventional and quantitative electroenceph-
alography in psychiatry. | Neuropsychiatry Clin Neurosci. 1999;
11(2):190-208. doi: 10.1176/jnp.11.2.190

Bernasconi A, Cendes F, Lee J, Reutens DC, Gotman ]. EEG
Background delta activity in temporal lobe epilepsy: Correlation
with volumetric and spectroscopic imaging. Epilepsia. 1999;40-
(11):1580-1586. doi: 10.1111/1.1528-1157.1999.tb02043.x
Chavez M, Valencia M, Navarro V, Latora V, Martinerie J.
Functional modularity of background activities in normal and epi-
leptic brain networks. Phys Rev Lett. 2010;104(11):118701. doi:
10.1103/PhysRevLett.104.118701

St. Louis EK, Frey LCE. Electroencephalography (EEG): An intro-
ductory text and atlas of normal and abnormal findings in adults,
children, and infants. American Epilepsy Society; 2016.

Marek S, Tervo-Clemmens B, Klein N, Foran W, Ghuman AS, Luna
B. Adolescent development of cortical oscillations: Power, phase,
and support of cognitive maturation. PLoS Biol. 2018;16(11):
€2004188. doi: 10.1371/journal.pbio.2004188

Puri V, Sajan PM, Chowdhury V, Chaudhry N. Cortical excitability
in drug naive juvenile myoclonic epilepsy. Seizure. 2013;22(8):
662-669. doi: 10.1016/j.seizure.2013.05.001

Badawy RA, Macdonell RAL, Jackson GD, Berkovic SF. Why do
seizures in generalized epilepsy often occur in the morning?
Neurology. 2009;73(3):218-222. doi: 10.1212/WNL.
0b013e3181ac7ca6

Richardson MP. Large scale brain models of epilepsy: Dynamics
meets connectomics. | Newurol Neurosurg Psychiatry. 2012;83-
(12):1238-1248. doi: 10.1136/jnnp-2011-301944

Lee C, Im CH, Koo YS, et al. Altered network characteristics of
spike-wave discharges in juvenile myoclonic epilepsy. Clin EEG
Neurosci. 2017;48(2):111-117. doi: 10.1177/1550059415621831
Stevelink R, Koeleman BPC, Sander JW, Jansen FE, Braun KPJ.
Refractory juvenile myoclonic epilepsy: A meta-analysis of preva-
lence and risk factors. Eur | Neurol. 2019;26(6):856-864. doi:
10.1111/ene. 13811

Ponten SC, Douw L, Bartolomei F, Reijneveld JC, Stam CJ.
Indications for network regularization during absence seizures:
Weighted and unweighted graph theoretical analyses. Exp
Neurol. 2009;217(1):197-204. doi: 10.1016/j.expneurol.2009.
02.001

£20z fieniga4 90 uo 1senb Aq §E0¥£99/08 | 0BY/ b/ /8|01B/SWIWOooUIRIG/Woo dnoolwepeoe//:sdiy Woll papeojumod


https://doi.org/10.1016/j.yebeh.2020.107013
https://doi.org/10.1111/epi.16811
https://doi.org/10.1016/j.seizure.2020.09.022
https://doi.org/10.1371/journal.pcbi.1005637
https://doi.org/10.1038/srep29215
https://doi.org/10.1038/srep29215
https://doi.org/10.3389/fneur.2018.00098
https://doi.org/10.3389/fneur.2019.01045
https://doi.org/10.1016/j.clinph.2020.12.021
https://doi.org/10.1016/j.clinph.2020.12.021
https://doi.org/10.1038/s41598-022-06324-2
https://doi.org/10.1111/j.1528-1167.2011.03319.x
https://doi.org/10.1111/j.1528-1167.2011.03319.x
https://doi.org/10.1016/j.jbi.2008.08.010
https://doi.org/10.1016/j.jbi.2019.103208
https://doi.org/10.1111/j.1528-1167.2009.02397.x
https://doi.org/10.1088/1741-2560/13/3/036015
https://doi.org/10.3389/fneur.2014.00261
https://doi.org/10.3389/fneur.2014.00261
https://doi.org/10.1186/s13229-017-0146-8
https://doi.org/10.1186/s13229-017-0146-8
https://doi.org/10.1155/2011/156869
https://doi.org/10.3389/fpubh.2017.00307
https://doi.org/10.1097/JTO.0b013e3181ec173d
https://doi.org/10.1097/JTO.0b013e3181ec173d
https://doi.org/10.1176/jnp.11.2.190
https://doi.org/10.1111/j.1528-1157.1999.tb02043.x
https://doi.org/10.1103/PhysRevLett.104.118701
https://doi.org/10.1103/PhysRevLett.104.118701
https://doi.org/10.1371/journal.pbio.2004188
https://doi.org/10.1016/j.seizure.2013.05.001
https://doi.org/10.1212/WNL.0b013e3181ae7ca6
https://doi.org/10.1212/WNL.0b013e3181ae7ca6
https://doi.org/10.1136/jnnp-2011-301944
https://doi.org/10.1177/1550059415621831
https://doi.org/10.1111/ene.13811
https://doi.org/10.1111/ene.13811
https://doi.org/10.1016/j.expneurol.2009.02.001
https://doi.org/10.1016/j.expneurol.2009.02.001

	Heterogeneity of resting-state EEG features in juvenile myoclonic epilepsy and controls
	Introduction
	Methods
	Participants
	Biology of juvenile myoclonic epilepsy study
	Participant recruitment

	Clinical data collection
	Phenotyping
	Seizure prognosis

	EEG data collection
	Juvenile myoclonic epilepsy
	Control
	Chowdhury controls
	Longitudinal European Autism Project controls


	EEG pre-processing
	EEG features
	Frequency-based
	Network-based

	Statistical analysis procedure
	Demographics, clinical characteristics and EEG details
	EEG features in juvenile myoclonic epilepsy compared with controls
	Receiver operating characteristic analysis
	Heterogeneity of EEG features within and between cohorts and recording conditions
	Influence of confounding factors on EEG features
	Associations with clinical phenotypes in juvenile myoclonic epilepsy
	Test–retest reliability of EEG measures

	Ethical approval
	Data availability


	Results
	Demographics, clinical characteristics and EEG details
	Differences in EEG features between juvenile myoclonic epilepsy and controls
	Receiver operating characteristic analysis
	Heterogeneity of EEG features within and between cohorts
	Influence of confounding factors on EEG features
	Sex
	Age, epoch length and EEG time
	Anti-seizure medication treatment
	EEG site

	Test–retest reliability
	Associations of EEG features with clinical variables within juvenile myoclonic epilepsy cohort


	Discussion
	Differences in EEG features between juvenile myoclonic epilepsy and controls
	Power spectral density measures
	Network topology measures

	Heterogeneity of EEG features within and between cohorts
	Associations with age, epoch length and time of day
	Associations with clinical phenotypes

	Methodological considerations and limitations
	Conclusion

	Acknowledgements
	Funding
	Competing interests
	Supplementary material
	Appendix I
	BIOJUME consortium:

	References


