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Abstract

The postictal state comprises of neurological and clinical symptoms such as unconsciousness or
cognitive impairments. The most scientifically supported underlying pathophysiological
mechanism is postictal vasoconstriction-mediated hypoperfusion. Besides, postictal
symptomatology may be related to disrupted default mode network (DMN) functioning, as
diminished functional DMN connectivity was present in patients with disorders of
consciousness. This study investigates functional connectivity of the DMN after
electroconvulsive therapy (ECT)-induced seizures in patients with major depressive disorder.
One baseline resting-state functional magnetic resonance imaging (rs-fMRI) scan (before start
of the ECT-course) and one postictal rs-fMRI scan (approximately one hour after ECT) were
acquired from eighteen patients. We identified the DMN using Independent Component Analysis
(ICA). Mean network connectivity strength was obtained by averaging the normalized parameter
estimates from dual regression. Parcellation of the DMN resulted in 38 nodes, from which an
undirected weighted graph was created based on the partial correlation of each node pair. We
performed a graph theoretical analysis using clustering coefficient and characteristic path length
to analyze efficiency of information segregation and integration, respectively. Paired samples t-
tests were used to identify differences between baseline and postictal network measures. An
analysis of covariance obtained associations between changes in DMN connectivity and both
seizure duration and the time between the ECT-induced seizure and rs-fMRI acquisition. We
observed a decrease in clustering coefficient (p = 0.032) whereas no changes were observed for
neither connectivity strength nor characteristic path length (p = 0.51 and p = 0.57, respectively).
A longer seizure duration was associated with a stronger decrease in clustering coefficient (p =
0.041) and a stronger increase in characteristic path length (p = 0.019) compared to baseline. The
time between ECT and rs-fMRI acquisition was negatively associated with the difference in
characteristic path length compared to baseline (p = 0.014). This study established disruptions in
functional connectivity of the DMN in the postictal state. Longer seizures are associated with a
stronger postictal decrease in both DMN segregation and integration.
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Significance

The default mode network (DMN) consists of several brain areas, including the precuneus,
posterior cingulate cortex, bilateral inferior parietal cortices, and medial prefrontal cortex
(Broyd et al., 2009). DMN activity is associated with internal mental processes and has been
suggested to play an important role in the regulation of consciousness (Crone et al., 2011, 2015;
Demertzi et al., 2014; Greicius et al., 2008; Norton et al., 2012; Vanhaudenhuyse et al., 2010).
Impaired DMN activity may, therefore, underlie the symptomatology of the postictal state.
Graph theory is a relatively novel method in brain imaging that can be used to reveal network
connectivity abnormalities in neurological and psychiatric conditions (Rubinov & Sporns, 2010).
By applying a small number of neurobiologically relevant and easily computable measures on
predefined nodes in a brain network, important topological properties can be quantified
(Rubinov & Sporns, 2010). The graph measures clustering coefficient and characteristic path
length, for instance, describe how well adjacent nodes tend to cluster together and the capability
of distant nodes to integrate in a network, respectively (Rubinov & Sporns, 2010; Watts &
Strogatz, 1998). In the context of functional brain networks, the clustering coefficient reflects
the ability for specialized processing to occur within localized brain areas, whilst the
characteristic path length reflects the ability of a network to rapidly combine information from
distributed brain areas (Rubinov & Sporns, 2010). The higher the clustering coefficient and the
lower the characteristic path length, the more efficient information segregation and integration
in a network. In this study, these graph measures are used in order to shed more light on the
functional connectivity of the DMN in the postictal state on top of mean connectivity strength
only.
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Introduction

Epilepsy is one of the most common neurological disorders, as approximately 1% of the
worldwide population suffers from epilepsy (Stafstrom & Carmant, 2015). Epilepsy reduces a
patient’s quality of life significantly, as a result of the seizures itself, as well as neurological,
cognitive, or psychiatric symptoms occurring after epileptic seizures (de Boer, 2014; Fisher &
Schachter, 2000; Pottkamper et al., 2020; Steiger & Jokeit, 2017). These symptoms are defined as
the postictal state and consist of unconsciousness, unresponsiveness, confusion, delirium,
headaches, nausea, amnesia, cognitive impairments, and in rare cases even psychoses
(Pottkamper et al., 2020, 2021). The duration and severity of symptoms may vary between
patients (Krauss & Edwards, 2014; Ohira et al., 2019; Pottkamper et al., 2020). Depending on the
clinical manifestations, the postictal state may last from several seconds (altered states of
consciousness) to minutes and hours (cognitive and physical symptoms) and days to weeks
(psychiatric symptoms) (Pottkamper et al., 2020). Seizure duration seems to be associated with
longer and more severe postictal symptoms (Farrell et al., 2017; Krauss & Edwards, 2014; Ohira
et al., 2019).

The underlying pathophysiological mechanisms of the postictal state remain poorly understood.
Up until now, several hypotheses such as neuronal exhaustion, neurotransmitter depletion, as
well as altered concentrations of potassium, adenosine, nitric oxide and opiate receptors have
been suggested to explain postictal symptoms (Fisher & Schachter, 2000; Pottkamper et al.,
2020). However, most evidence currently points towards to the vasoconstriction-mediated
hypoperfusion hypothesis, which suggests that postictal symptoms may arise as a result of
vasoconstriction-mediated hypoperfusion and hypoxia in regions across the brain (Farrell et al.,
2016, 2017; Pottkamper et al., 2020; Wolff, 2020). Support for this hypothesis was found in
epilepsy patients, who had a decreased cerebral blood flow (CBF) in seizure onset zones during
the first hour after seizures (Farrell et al., 2016).

Given the nature of the symptoms, diminished functioning of the default mode network (DMN)
may underlie the symptomatology of the postictal state. The DMN consists of several brain areas
including the precuneus, posterior cingulate cortex, bilateral inferior parietal cortices, and the
medial prefrontal cortex (Broyd et al., 2009). DMN activity is associated with internal mental
processes such as perspective-taking, emotion regulation, and remembering the past (Broyd et
al., 2009; Manning & Steffens, 2016; Raichle et al., 2001). The DMN has been suggested to play an
important role in regulation of consciousness, as DMN connectivity is diminished in patients
with consciousness impairments such as vegetative state, coma and minimally conscious state
(Crone et al., 2011, 2015; Demertzi et al., 2014; Greicius et al., 2008; Norton et al.,, 2012;
Vanhaudenhuyse et al., 2010). Likewise, the DMN is functionally disrupted in dissociative
amnesia and mild cognitive impairment patients (Garcés et al., 2014; Taib et al.,, 2023).
Additionally, several studies suggested that a dysfunctional DMN contributes to interictal
cognitive impairments and ictal unconsciousness (Gotman et al., 2005; Laufs, 2012; Laufs et al.,
2007; Lui et al., 2008). Thus, impaired DMN activity may be associated with the symptoms

observed in the postictal state. Postictal functioning of the DMN, however, has not yet been
studied.
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The present study aimed to investigate functional connectivity of the DMN in the postictal state.
Investigating the postictal state is challenging due to the spontaneous nature of seizures, making
participation in clinical trials impractical. For this reason, electroconvulsive therapy (ECT) was
used as this treatment elicits seizures in a well-controlled environment (McNally & Blumenfeld,
2004; Pottkamper et al., 2021). We used resting-state functional MRI (rs-fMRI) data acquired
approximately one hour after ECT-induced seizures in order to examine postictal DMN
connectivity compared to baseline. We hypothesize that mean network connectivity strength, as
well as information segregation and integration in the DMN are diminished in the postictal state.
In addition, we assessed if both seizure duration and the time between the ECT-induced seizure
and rs-fMRI are associated with a postictal change in DMN connectivity. We expect that longer
seizures, as well as a shorter period of time between seizure and rs-fMRI are associated with a
stronger disruption in DMN connectivity.

Methods

Study Design

In this study, twenty patients were included who participated in a prospective clinical
randomized trial with cross-over design in which the effects of vasoconstriction-mediating
drugs nimodipine and acetaminophen were investigated to alleviate postictal symptoms.
Patients with a treatment-resistant major depressive disorder undergoing ECT at Rijnstate
Hospital in Arnhem, the Netherlands were included. Baseline rs-fMRI scans were performed
within two weeks prior to start of ECT-course, whereas postictal rs-fMRI scans were performed
approximately one hour post-ECT. As study intervention, patients either received
acetaminophen, nimodipine, or a 50cc cup of water (i.e., placebo) up to two hours before an ECT-
session.

Inclusion and exclusion criteria

Inclusion criteria were adulthood (> 17 years) with a current clinical diagnosis of a depressive
episode (i.e. unipolar, bipolar, schizoaffective), an indication for ECT (i.e., medication resistant
depressive disorder), and willingness and ability to give oral and written informed consent.
Exclusion criteria were contraindications for MRI or chronic use of acetaminophen, calcium-
antagonists or non-steroidal anti-inflammatory drugs which cannot be paused less than two
days before an ECT-session.

ECT procedure

ECT is a widely used neuromodulating technique for treatment-resistant depression in which a
generalized tonic-clonic seizure is elicited by administering short electrical stimuli to the
cranium while patients are under general anesthesia (Kropotov, 2016; Murray et al., 2012).
Patients received ECT according to standard treatment guidelines in the Netherlands and by
using right unilateral (UL) or bifrontotemporal (BL) electrode placement (Broek, 2010; d’Elia,

1970).
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The ECT stimuli were bidirectional, square wave and single brief pulses (1 ms) with a constant
current (0.9 Ampere) and delivered by the Thymatron System IV device (Somatics Incorporation
Lake Bluff, Illinois, USA). Patients were pre-oxygenated at 100% 02, anesthetized (etomidate
0.2-0.3 mg/kg) and ventilated until spontaneous respiration. Muscle relaxation was achieved by
administering succinylcholine (0.5-1 mg/kg). In case of postictal hyperactive delirium, patients
were given midazolam for sedation.

Data acquisition

MRI data were acquired on a 3T Philips Ingenia MR scanner with a 15 channel Philips dStream
HeadSpine coil. The rs-fMRI data were obtained using 3D gradient-and-spin-echo (GRASE)
readout module with the following parameters: repetition time (TR) = 2000 ms, echo time (TE) =
27 ms, flip angle (FA) = 90°, field of view (FOV) = 230 x 230 mm, data matrix size = 128 x 128, slice
thickness = 3 mm, slice gap = 0 mm, 160 volumes. The FOV was aligned to the anterior —
posterior commissure line, after which the dorsal part of the FOV was rotated approximately 20°
in the caudal direction. Prior to scanning, patients were asked to stay awake and move the least
possible. Additionally, a T1-weighted scan was acquired before the rs-fMRI acquisition during
the same scanning session, using the following parameters: TR = 7.5 ms, TE = 46 ms, FA = 8°,
FOV = 256 x 238 mm, data matrix size = 512 x 512, slice thickness = 1.77 mm, slice gap = 0 mm
and 145 sagittal slices.

Data preprocessing

Preprocessing of the rs-fMRI data was performed using fMRIPrep 21.0.2 (Esteban et al., 2018),
which is based on Nipype 1.6.1 (Gorgolewski et al., 2011). A Bo-nonuniformity image was created
based on multiple echo-planar imaging (EPI) references, which was used to correct the Tiw
image for intensity non-uniformity. The Tiw image was subsequently skull-stripped and brain
tissue segmented, after which it was used as a reference for volume-based spatial normalization
to MNI152NLin6Asym space. For the rs-fMRI data, one BOLD reference was used to estimate
head-motion parameters for spatiotemporal filtering, after which it was co-registered to the
Tiw reference. Framewise displacement (FD) was calculated as confounding time-series.
Automatic removal of motion artifacts was performed using ICA-AROMA. BOLD time-series were
normalized into standard space. Details and references of all fMRIPrep preprocessing steps are
described in Appendix A. The remaining preprocessing steps of the rs-fMRI data included skull-
stripping, spatial smoothing (FWHM = 6 mm), nuisance regression of cerebrospinal fluid and
white matter, removal of the first five volumes for steady-state and, lastly, high-pass filtering
(cutoff frequency = 0.007 Hz). Scans that retained at least 4 minutes of sufficiently motion-free
data (i.e., mean FD < 0.6 mm and maximum FD < 2 mm) were included for analysis.

Default Mode Network extraction

In order to select a group-based DMN specific to patient population, a probabilistic Independent
Component Analysis (ICA) as implemented in FSL’s MELODIC has been carried out on the
concatenated rs-fMRI data of all baseline and postictal scans (Beckmann et al., 2005; Beckmann
& Smith, 2004; Hyvdrinen, 1999). The DMN was extracted as the fourth from a total of 25
components (Figure 1A). A z-score threshold of 4 was applied to the DMN component in order to
create a spatial mask of the DMN component (Figure 1B), consisting of the voxels that correlated
strongest within the DMN. This mask served as input for the network connectivity strength
analysis, as well as DMN parcellation.
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Figure 1
Default mode network

Note. Representation of the default mode network A. as the fourth component of the group
independent component analysis output with dimensionality 25 (z-score range: 2.21 — 14.86), B.
as mask with a z-score threshold of 4, C. after applying the default mode network mask to the
automated anatomical labeling 3 atlas, containing 38 regions-of-interest included for analysis.

Network connectivity strength analysis

Dual regression was performed to obtain patient-specific spatial maps of the DMN component
obtained with ICA (Beckmann et al., 2009). Normalized parameter estimates (i.e., z-scores) from
the patient-specific DMIN component were extracted from the dual regression output. The DMN
mask was applied to the normalized parameter estimates spatial maps, after which mean z-
scores were calculated for the baseline and postictal image of each patient. The mean z-score
serves as a measure for network strength or network connectivity coherence, and was used as
one of the outcome measures in our study (Mostert et al., 2016; Santhanam et al., 2019;
Shumskaya et al., 2017).

Graph construction

The mask was applied to the Automated Anatomical Labeling atlas 3 for parcellation, which
resulted in the DMN consisting of 38 nodes (Figure 1C) (Rolls et al., 2020; Tzourio-Mazoyer et al.,
2002). The names and abbreviations of the nodes are listed in Appendix B. The mean time-series
over all voxels were extracted for each node in all images. These time-series were used to
estimate the partial correlation (PC) matrix for each image, containing the PCs for every node
pair. The PC analysis was based on the method from Salvador et al. (2005), except that all node
pairs with a mean negative PC were removed prior to the one-sample t-test as network-specific
measures cannot be calculated with negative weights (Rubinov & Sporns, 2010). Correction for
multiple comparisons was performed on the one-sample t-test output of the remaining node
pairs using false discovery rate (FDR), taking into account the lack of independence between
tests (Benjamini & Hochberg, 1995; Benjamini & Yekutieli, 2001).

CNS Journal, volume 18 109



DEVELOPMENT AND LIFELONG PLASTICITY

This resulted in 74 significant (p < 0.05) node pairs (Appendix C & D). From a significant mean
positive PC, there may still be a negative PC amongst all matrices. Therefore, the amount of PCs
from the matrix with least positive significant PCs (n = 63) was divided by the total amount of
edges (n = 703) to obtain a sparsity threshold value of 8.96%. This threshold was then applied to
obtain the 63 highest significant PCs of each image. These formed a weighted undirected graph
for each image, in which the PCs defined the weight of each edge. The sparsity threshold was
used in order to preserve equal network degree across all images (van Wijk et al., 2010).

Graph analysis

Graph theoretical measures were calculated from each weighted undirected graph. Graph
measures can be used to describe important topological properties of a particular network and
have been used to reveal network connectivity abnormalities when comparing functional
networks on different timepoints or between populations (Bullmore & Sporns, 2009; Rubinov &
Sporns, 2010; Wang et al., 2010). The Brain Connectivity Toolbox was used to calculate two global
network graph measures: mean clustering coefficient and characteristic path length (Rubinov &
Sporns, 2010). These two measures indicate whether a network possesses a ‘small-world’
topology, which is associated with efficient information segregation and integration,
respectively (Watts & Strogatz, 1998). The mean clustering coefficient reflects how adjacent
nodes tend to cluster together, which was computed by averaging the amount of triangles around
each node in the network (Rubinov & Sporns, 2010; Watts & Strogatz, 1998). The mean
characteristic path length was computed by taking the average of shortest path length over each
possible pair of vertices in the network (Rubinov & Sporns, 2010; Salvador et al., 2005; Schreiber,
2013; Watts & Strogatz, 1998). A network with a short path length needs fewer steps to reach a
different node compared to a network with a long path length, and thus integrate information
more efficiently. To examine small-world networks, the normalized clustering coefficient (y =
Cwreal / Cwrand), and the normalized characteristic path length (A = Lwreal / Lwrand) were
calculated (Humphries et al., 2006; Tian et al., 2011; Watts & Strogatz, 1998). Cwreal and Lwreal
represent the clustering coefficient and characteristic path length from the networks of the
baseline and postictal image of each patient. Cwrand and Lwrand represent the average
clustering coefficient and characteristic path length derived from 1000 matched random
networks which preserved degree-, weight- and strength-distributions (Rubinov & Sporns,
2010). A small-world network should meet the following criteria: y >1 andAx 1, oro =y /A >1
with o being small-worldness (Humphries et al., 2006; Tian et al., 2011; Watts & Strogatz, 1998).
For a schematic overview of the analysis pipeline see Figure 2.
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Figure 2

Analysis pipeline
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Note. Schematic representation of analysis pipeline. Rs-fMRI: functional magnetic resonance
imaging; ICA: Independent Component Analysis; AAL3: Automated Anatomical Labeling 3; DMN:
default mode network.

Statistical analysis

In order to determine whether there were significant differences between the baseline and
postictal condition, a paired samples t-test was performed for the mean z-score, clustering
coefficient, and characteristic path length. The association of both seizure duration and the
timespan between the ECT-seizure and rs-fMRI acquisition with each network parameter was
determined by performing an analysis of covariance (ANCOVA) with the difference between
baseline and postictal images of each network parameter as dependent variable, while correcting
for the type of study intervention as potential confounder. A p-value < 0.05 was considered a
significant difference or association.

Results

Participants

We initially included twenty patients, from which two patients were excluded because the
average FD was higher than 0.6 mm (n = 1) and the maximum FD was higher than 2 mm (n = 1).
Both patient and ECT-characteristics are described in Table 1.
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Table 1
Descriptive Statistics

Patients N (%) Mean (= SD)
Age 57.2 (£ 13.9)
Gender

Female 10 (55.6)

Male 8 (44.4)
ECT
Electrode placement

Unilateral 8 (44.4)

Bilateral 10 (55.6)
Midazolam

Yes 5(27.8)

No 13 (72.2)
Charge (milliCoulomb) 345.7 (£ 163.1)
Seizure duration (seconds) 57.5 (£22.2)
Time between ECT and rs-fMRI scan 79.7 (£9.5)
(minutes)

Note. SD: Standard deviation; ECT: Electroconvulsive therapy; rs-fMRI: resting-state functional
magnetic resonance imaging.

Postictal alterations in DMN connectivity

The outcomes of the mean connectivity strength, clustering coefficient and characteristic path length
are displayed in Figure 3. We compared the results of both graph measures at baseline to the postictal
state using paired sample t-tests.

Mean network connectivity strength has been calculated by averaging the normalized parameter
estimates (z-scores) within the DMIN mask from the dual regression output of the DMN component. The
mean z-score of the DMN was 3.98 (+ 0.60) at baseline and 3.83 (+ 0.72) after ECT, from which the
difference was not significant (paired samples t-test, p = 0.51, Figure 3A).

Both baseline (1.68 *+ 0.39) and postictal (1.38 + 0.41) clustering coefficient fulfilled the small-world
network criterium of y > 1, and both baseline (1.00 + 0.08) and postictal (0.97 + 0.13) characteristic
path length fulfilled it for A~1. DMN clustering coefficient was significantly decreased in the postictal
state compared to baseline (paired samples t-test, p = 0.032, Figure 3B), whereas this was not the case
for the characteristic path length (paired samples t-test, p = 0.57, Figure 3C).

Association with seizure duration

The ANCOVA revealed a positive association between seizure duration and the difference in clustering
coefficient compared to baseline (F(1, 13) = 5.14, p = 0.041) (Figure 4A). There was also a negative
association between seizure duration and the difference in characteristic path length compared to
baseline (F(1, 13) = 0.72, p = 0.019) (Figure 4B). No association was found between seizure duration and
the difference in mean connectivity strength compared to baseline (F(1, 13) = 0.16, p = 0.70).
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Figure 3

Network measures boxplots
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Note. Network measures at baseline and in the postictal state. A. Mean normalized parameter
estimates (mean z-scores). B. Normalized clustering coefficient (y = Cwreal / Cwrand). C.
Normalized characteristic path length (A=Lwreal/Lwrand).
* paired samples t-test, p < 0.05

Figure 4

Association between both normalized clustering coefficient and normalized characteristic path length
on seizure duration
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Note. Regression plots with line of best fit (solid line). The plots depict the association between
seizure duration and the difference in A. normalized clustering coefficient compared to baseline
and B. normalized characteristic path length compared to baseline.
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Time between ECT and rs-fMRI

The time between the ECT-induced seizure and rs-fMRI acquisition was negatively associated
with the difference in characteristic path length (F(1, 13) = 7.96, p = 0.014) compared to baseline
(Figure 5), whereas this was not the case for mean connectivity strength (F(1, 13) = 0.10, p = 0.76)
the clustering coefficient (F(1,13) =1.38, p = 0.26).

Figure 5

Association between normalized characteristic path length and time between ECT and rs-fMRI
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Note. Regression plots with line of best fit (solid line). The plots depict the association of the time
between ECT and rs-fMRI on the difference in characteristic path length compared to baseline.

Discussion

To the best of our knowledge, this has been the first study to investigate the postictal state using
rs-fMRI. We investigated alterations in DMN connectivity in the postictal state, and expected a
postictal decrease in connectivity strength, segregation and integration compared to baseline.
We identified a significant decrease in clustering coefficient in the postictal state compared to
baseline. No difference was found in the mean connectivity strength, as well as the characteristic
path length of the DMN. The difference in both clustering coefficient and characteristic path
length compared to baseline were associated by seizure duration. In addition, the difference in
characteristic path length compared to baseline was negatively associated with the duration
between ECT and fMRI. Our findings suggest that alterations in functional topology of the DMN
(i.e., network segregation and integration) may indicate pathological mechanisms of the
postictal state.

DMN segregation and postictal symptoms

We observed a postictal decrease in clustering coefficient, which may be associated with the
presence of several postictal clinical symptoms such as unconsciousness and cognitive
impairments, which frequently occur after seizures (Pottkamper et al., 2020). A decreased
clustering coefficient in the DMN may be related to postictal unconsciousness as comatose
patients had a decreased clustering coefficient in the whole brain, as well as in the medial frontal
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and posterior cingulate cortex, which are both part of the DMN (Crone et al., 2020).

Furthermore, postictal cognitive impairments may also be related to less DMN segregation,
because a decrease in clustering coefficient in the DMN was associated with higher cognitive
impairments in epilepsy and obstructive sleep apnea patients (Chen et al., 2018; Khalife et al.,
2022). A similar association was observed in carotid stenosis and ischemic stroke patients, in
which a lower clustering coefficient in the whole brain was associated with higher cognitive
impairments (Chang et al., 2016; Li et al., 2021). Thus, decreased DMN segregation may be
associated with postictal clinical symptoms.

Underlying physiology

The physiological mechanism underlying a decrease in clustering coefficient remains largely
unknown. One explanation for a decreased clustering coefficient may be related to local
hypoperfusion in critical network hubs. Previous studies showed that brain hub regions (i.e.,
highly connected nodes within a network) show higher metabolic requirements, as they are
associated with both a higher CBF and glucose metabolism (Hagmann et al., 2008; Liang et al.,
2013a; Tomasi et al., 2013; Varkuti et al., 2011). Hub regions are known to contribute to the
creation of local clusters called modules, which have dense interconnectivity and few
connections with nodes in other modules, leading to an increased whole network information
flow (Farahani et al., 2019). Therefore, the higher metabolic demands of hub regions may be
required to efficiently orchestrate the network as a whole (Hagmann et al., 2008; Liao et al,,
2017). The vasoconstriction-mediated hypoperfusion hypothesis suggests a reduction in CBF in
seizure onset zones during the first hour after seizures, causing a diminished postictal metabolic
supply in several brain regions (Farrell et al., 2016, 2017). A reduction of CBF was measured in the
early postictal state in specific cortical regions belonging to the DMN, supporting their
involvement in the postictal state (Blumenfeld et al., 2009). Therefore, the decreased DMN
segregation may be driven by local postictal hypoperfusion, preventing hub regions to
successfully form local clusters.

Seizure duration

We observed that longer seizures were associated with a stronger postictal decrease in clustering
coefficient and a stronger postictal increase in characteristic path length compared to baseline.
Thus, DMN topology is disrupted more severely in network segregation and integration as a
result of longer seizures.

Disruption of network segregation and integration may reflect the severity of the postictal state.
Longer seizures were found to be associated with a longer duration and more severe
symptomatology of the postictal state (Krauss & Edwards, 2014; Ohira et al., 2019). Additionally,
longer seizures were positively correlated with more postictal hypoperfusion and hypoxia in both
rodents and humans, which in rodents was associated with behavioral dysfunctions related to
postictal symptoms (Farrell et al.,, 2016, 2017). Thus, disruption of network segregation and
integration, as well as the severity of postictal symptoms seem to be associated with seizure
duration, suggesting that disruption in DMN segregation and integration may reflect the severity
of the postictal state.
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Time between ECT and rs-MRI acquisition

We observed a negative association between the time between ECT and rs-fMRI acquisition and
the change in characteristic path length compared to baseline. Patients who were scanned
earliest after the ECT-induced seizure (i.e., 64 minutes) had a higher characteristic path length
compared to patients whose rs-fMRI were performed at a later stage (i.e., 101 minutes). Thus, the
time between the seizure and rs-fMRI acquisition may have been too long to observe postictal
differences in characteristic path length. This may suggest that DMN integration is diminished
only in the early postictal state, though some patients may also have been scanned too late for
postictal effects of integration to be measurable.

The decrease in DMN segregation, however, was not associated with time between ECT and rs-
fMRI. An explanations for this may be that alterations in gray and white matter connectivity have
distinct influences on postictal changes in functional network segregation and integration. White
matter connectivity has been suggested to cause dynamic changes in functional topological
organization at a temporal scale of seconds to minutes (Liao et al., 2015; Shen et al., 2015). This
suggests that these changes may also not have been captured due to the time between ECT and
rs-fMRI acquisition, and may therefore relate to DMN integration.

Mean connectivity strength

We expected a postictal decrease in mean connectivity strength of the DMN as this has been
found in patients with symptoms comparable to the postictal state (Crone et al., 2011; Demertzi
et al., 2014; Garcés et al., 2014; Norton et al., 2012; Taib et al., 2023; Vanhaudenhuyse et al.,
2010). Changes in mean connectivity strength in the DMN may not have been captured as
changes in connectivity may occur very local. The vasoconstriction-mediated hypoperfusion
theory hypothesizes that local decreases in CBF are present in seizure onset zones during the
first hour after seizures (Farrell et al., 2016, 2017). Functional connectivity is tightly coupled with
CBF (Liang et al., 2013b). Therefore, local postictal hypoperfusion may cause a local decrease in
functional connectivity that is too small to detect widespread decreases in mean connectivity
strength.

Future directions

The present study assessed postictal topological alterations in the DMN using global graph
measures. One interesting possibility for future research is doing a more extensive graph analysis
within the postictal DMN using nodal graph measures. This type of analysis could identify
whether specific hub-regions of the DMN may be disrupted during the postictal state (Liao et al.,
2017; Rubinov & Sporns, 2010). An additional interesting approach would be to test if the
function of these hub regions is related to postictal hypoperfusion, as measured by arterial spin
labeling MRI. As the time between the ECT-induced seizure and rs-fMRI seems to be associated
with the difference in characteristic path length compared to baseline, it may also be the case for
nodal graph measures. Therefore, results should be controlled for the duration between seizure
and rs-fMRI.

Future studies may also use a measure for assessing the type of postictal symptoms, as well as
the severity of the postictal state in order to close the gap between alterations in graph measures
and their relation to clinical manifestations. Furthermore, this could shed more light on the
relation between seizure duration and the duration, severity or symptomatology of the postictal
State.
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Limitations

Several limitations in the present study should be addressed. First, the sample size in this study
is small, reducing statistical power and increasing the probability of type II errors (Shreffler &
Huecker, 2022). It also limits the possibilities for using nodal graph measures, as these findings
must be corrected for multiple comparisons over all nodes in order to prevent increased
probability of type I errors (Shreffler & Huecker, 2022).

Second, postictal alterations in connectivity may be overlooked due to the long time between ECT
and rs-fMRI acquisition, which was caused by postictal practical challenges. Patients often woke
up confused and restless in the first minutes after ECT and had to be monitored until they were
stable enough to be transported to the radiological department. The increased likelihood of
movement may have further influenced imaging quality and caused bias, even though extensive
motion-correction and quality checks have been performed (Alexander-Bloch et al., 2016).

Third, five patients received midazolam after ECT due to postictal delirium. The postictal
administration of midazolam may have contributed to a decrease in DMN segregation or
integration, as sedation by midazolam has been showed to decrease functional DMN connectivity
(Greicius et al., 2008). Midazolam has a half-life of 1.5-2.5 hours, suggesting that there may still
have been residues in the blood stream at the time of scanning (Lingamchetty et al., 2022).
Fourth, the nodes that we used differed in size, potentially causing bias in the graph analysis. We
applied the DMN mask to the Automated Anatomical Labeling 3 atlas to obtain nodes specific to
the DMN (Rolls et al., 2020). As a result, nodes located at the edge of the mask decreased in size,
whereas this was not the case for centrally located nodes. Altered time-series in voxels located in
small nodes may therefore have had a disproportionate impact on the graph analysis compared
to large nodes.

Fifth, resting-state functional connectivity in the DMN is known to be altered in MDD patients
(Mulders et al., 2015). Differences in baseline DMN connectivity may have affected each patient’s
response to the ECT-induced seizure, thereby potentially confounding the difference in DMN
connectivity between baseline and the postictal state.

Lastly, only properties of the DMN have been analyzed in the present study, thereby potentially
missing effects of other networks that may further elucidate mechanisms of the postictal state.
The salience and central-executive network, for instance, are supposed to interact with the DMN
and may play a role in cognition and may therefore be altered in the postictal state (Chand et al.,
2017; Chand & Dhamala, 2016). Furthermore, our findings may generalize to the entire brain,
instead of being DMN-specific.

Conclusion

We established disrupted functional connectivity of the DMN in the postictal state. Information
segregation in the DMN decreased postictally, while network connectivity strength and
information integration do not seem to be affected. Longer seizures are associated with a
stronger postictal decrease in DMN segregation and integration. In addition, the time between
seizure and rs-fMRI acquisition seems to be of importance for measuring postictal changes in
DMN integration. Our findings provide an improved understanding of the pathological
mechanisms underlying the postictal state, which may eventually help elucidate targets for new
modes of treatment.
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Appendix A

Results included in this manuscript come from preprocessing performed usingfMRIPrep21.0.2
(Esteban et al., 2018; RRID:SCR_002502), which is based onNipype1.6.1 (Gorgolewski et al.,
2011; RRID:SCR__002502).

Preprocessing of Boinhomogeneity mappings

A total of 1 fieldmaps were found available within the input BIDS structure for this particular
subject. ABo-nonuniformity map (orfieldmap) was estimated based on two (or more) echo-
planar imaging (EPI) references with topup (Andersson et al., 2003; FSL 6.0.5.1:57b01774).

Anatomical data preprocessing

A total of 1 T1-weighted (T1w) images were found within the input BIDS dataset.The T1-weighted
(Taw) image was corrected for intensity non-uniformity (INU) withN4BiasFieldCorrection
(Tustison et al., 2010), distributed with ANTs 2.3.3 (Avants et al., 2008; RRID:SCR__004757), and
used as Tiw-reference throughout the workflow. The Tiw-reference was then skull-stripped
with aNipypeimplementation of theantsBrainExtraction.shworkflow (from ANTs), using
OASIS30ANTS as target template. Brain tissue segmentation of cerebrospinal fluid (CSF), white-
matter (WM) and gray-matter (GM) was performed on the brain-extracted Tiw usingfast (Zhang
et al., 2001; FSL 6.0.5.1:57b01774, RRID:SCR__002823). Volume-based spatial normalization to
two standard spaces (MNI152NLin2009cAsym, MNI152NLin6Asym) was performed through
nonlinear registration with antsRegistration (ANTSs 2.3.3), using brain-extracted versions of both
Tiw reference and the Tiw template. The following templates were selected for spatial
normalization: ICBM 152 Nonlinear Asymmetrical template version 2009c [Fonov et al., 2009,
RRID:SCR__008796; TemplateFlow ID: MNI152NLin2009cAsym], FSL’s MNI ICBM 152 non-linear
6th Generation Asymmetric Average Brain Stereotaxic Registration Model[Evans et al., 2012 ,
RRID:SCR__002823; TemplateFlow ID: MNI152NLin6Asym].

Functional data preprocessing

For each of the 1 BOLD runs found per subject (across all tasks and sessions), the following
preprocessing was performed. First, a reference volume and its skull-stripped version were
generated using a custom methodology of fMRIPrep. Head-motion parameters with respect to
the BOLD reference (transformation matrices, and six corresponding rotation and translation
parameters) are estimated before any spatiotemporal filtering usingmcflirt (Jenkinson et al.,
2002; FSL 6.0.5.1:57b01774). The estimated fieldmapwas then aligned with rigid-registration to
the target EPI (echo-planar imaging) reference run. The field coefficients were mapped on to the
reference EPI using the transform. The BOLD reference was then co-registered to the Tiw
reference usingmri_coreg(FreeSurfer) followed byflirt(Jenkinson & Smith, 2001; FSL
6.0.5.1:57b01774) with the boundary-based registration (Greve & Fischl, 2009) cost-function.
Co-registration was configured with six degrees of freedom. Several confounding time-series
were calculated based on the preprocessed BOLD: framewise displacement (FD), DVARS and three
region-wise global signals. FD was computed using two formulations following Power (absolute
sum of relative motions,Power et al.,, 2014) and Jenkinson (relative root mean square
displacement between affines,Jenkinson et al., 2002). FD and DVARS are calculated for each
functional run, both using their implementations in Nipype (following the definitions by Power et
al. 2014).
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The three global signals are extracted within the CSF, the WM, and the whole-brain masks.
Additionally, a set of physiological regressors were extracted to allow for component-based
noise correction (CompCor, Behzadi et al., 2007). Principal components are estimated after high-
pass filtering the preprocessed BOLD time-series (using a discrete cosine filter with 128s cut-off)
for the twoCompCorvariants: temporal (tCompCor) and anatomical (aCompCor). tCompCor
components are then calculated from the top 2% variable voxels within the brain mask. For
aCompCor, three probabilistic masks (CSF, WM and combined CSF+WM) are generated in
anatomical space. The implementation differs from that of Behzadi et al.in that instead of
eroding the masks by 2 pixels on BOLD space, the aCompCor masks are subtracted a mask of
pixels that likely contain a volume fraction of GM. This mask is obtained by thresholding the
corresponding partial volume map at 0.05, and it ensures components are not extracted from
voxels containing a minimal fraction of GM. Finally, these masks are resampled into BOLD space
and binarized by thresholding at 0.99 (as in the original implementation). Components are also
calculated separately within the WM and CSF masks. For each CompCor decomposition,
thekcomponents with the largest singular values are retained, such that the retained
components’ time series are sufficient to explain 50 percent of variance across the nuisance
mask (CSF, WM, combined, or temporal). The remaining components are dropped from
consideration. The head-motion estimates calculated in the correction step were also placed
within the corresponding confounds file. The confound time series derived from head motion
estimates and global signals were expanded with the inclusion of temporal derivatives and
quadratic terms for each (Satterthwaite et al., 2013). Frames that exceeded a threshold of 0.5 mm
FD or 1.5 standardised DVARS were annotated as motion outliers. The BOLD time-series were
resampled into standard space, generating apreprocessed BOLD run in MNI152NLin2009cAsym
space. First, a reference volume and its skull-stripped version were generated using a custom
methodology of fMRIPrep. Automatic removal of motion artifacts using independent component
analysis (ICA-AROMA, Pruim et al.,, 2015)was performed on thepreprocessed BOLD on MNI
spacetime-series after removal of non-steady state volumes and spatial smoothing with an
isotropic, Gaussian kernel of 6mm FWHM (full-width half-maximum). Corresponding “non-
aggresively” denoised runs were produced after such smoothing. Additionally, the “aggressive”
noise-regressors were collected and placed in the corresponding confounds file. All resamplings
can be performed with a single interpolation stepby composing all the pertinent transformations
(i.e.head-motion transform matrices, susceptibility distortion correction when available, and
co-registrations to anatomical and output spaces). Gridded (volumetric) resamplings were
performed using antsApplyTransforms(ANTs), configured with Lanczos interpolation to
minimize the smoothing effects of other kernels (Lanczos, 1964). Non-gridded (surface)
resamplings were performed usingmri_ vol2surf (FreeSurfer).

CNS Journal, volume 18 127



DEVELOPMENT AND LIFELONG PLASTICITY

Appendix B
Nodes

Node

Label AAL3

Full anatomical description

10

11

12

13

14

15

16

17

18

19

Frontal Sup 2 L
Frontal Sup 2 R
Frontal Mid 2 L
Frontal Mid 2 R
Erontal Sup Medial L
Erontal. Sup. Medial R

Lingual T,
Lingual R

Left superior frontal gyrus,
dorsolateral

Right superior frontal gyrus,
dorsolateral

Left middls frontal gyrus
Right siddls frontal gxmws
Left superior frontal gyrus,
medial

Right superior frontal gyrus,
medial

Left superior frontal gyrus,
medial orbital

Right superior frontal gyrus,
medial orbital

Right gyrus rectus

Left middle cingulate &

paracingulate gyri
Right middle cingulate &

paracingulate gyri
Left posterior cingulate gyrus

Right posterior gingulate
gyrus
Left calcarine fissure and

surrounding cortex

Right calcarine fissure and
surrounding cortex

Lefl cunens

Right cunens
Left lingual gyrus
Right lingual gymus

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

Temporal Mid L
Temparal Mid R
Cerebellum 4 5 L
Cerebellum 4 5 R
Vermis 4 5

ACC pre L

ACC pre. B

Lef} superior aegipital gyms
Right superior occipital gyrus
Right middlg pcsipital gxrus
Lef superior pariefal gyrus
Right superior parietal gyxus
Left inferior parietal gyrus, excluding
supramarginal and angular gyri
Left angular gyrus

Right angnlar gyus

Lef} precuneus

Right precunsus

Right superior temporal gyrus
Left middle femporal guus
Right middls temporal gyrus
Left lobule IV, V of cerebellar
hemisphere

Right lobule IV, V of cerebellar
hemisphere

Lobule IV, V of vermis

Left anterior cingulate cortex, preguneal

Right anterior cingulate cortex,

pregungal

Note. List of nodes that were used for analysis after applying the DMN mask to the Automated
Anatomical Labeling 3 (AAL3) atlas as described by Rolls et al. (2020).
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Appendix C

Significant node pairs

Region 1 Region 2 M SD  p-value

26  Panetal Inf L 24 Panetal Sup L 083 005 32E42 | 23  Ocompital Mid R 22 Occipital Mid L 02 0,16 45E-10
33 Temporal Mid R 31  Temporal_Sup R 073 005 29E-40 | 27 Angular L 22 Occipital Mid L 025 015 13E-09
11 Cmngulate Mid R 10 Cingulate Mid L 0,72 007 12E34 [ 19 Limngual R 18 Lingual L 021 0,14 T4E-09
3 Frontal Mid 2 L 1 Frontal Sup 2 L 073 008 36E-33 | 27 Angular L 26  Panetal Inf L 020 0,15 6,5E-08
4 Frontal Mid 2 R 2 Frontal Sup 2 R 071 008 63E-33 | 28  Angular R 27 Angular L 028 021 70E-08
30  Precuneus R 29 Precuneus L 062 008 25E-30 | 21  Occipital Sup R 20  Occipital Sup L 0,18 013  90E-08
13 Cingulate Post R 12 Cingulate Post L 065 009 14E-29 | 28  Angular R 25  Panetal Sup R 021 016 11E-07
18 Lingual L 14 Calcenne L 059 009 12E-28 | 29  Precuneus L 10 Cingulate Mid L 015 011 25E-07
20 Occipital Sup L 16  Cuneus L 053 009 78E-27 | 36 Vernus 4 5 13 Cingulate Post R 014 011 27E-07
19 Lingual R 15 Calcenne R 043 0,09 4]1E24 | 33 Temporal Mid R 23 Occipital Mid R 015 0,12 28E-07
30  Precuneus R 17 Cuneus R 048 010 99E-24 | 29  Precuneus L 27  Angular L 0,15 0,13 19E-06
15 Calcermne R 14 Calcenine L 049 0,11 26E-22 | 29  Precuneus L 24 Panetal Sup L 0,14 0,12 24E-06
34 Cerebellum 4 5 L 18 Lingual L 050 012 62E22 | 8  Frontal Sup Med Orb R 6  Frontal Sup Medial R 022 0,19  3,0E-06
36  Vermus 4 5 19  Lingual R 053 013 77E-22 [ 36 Vermis 45 35  Cerebellum 4 5 R 0,14 013 6,6E-06
28 Angular R 23 Occipital Md R 049 0,12 53E-21 | 25  Panetal Sup R 24 Panetal Sup L 0,15 014 15E-05
38 ACC_pre R 6  Frontal Sup Medial R 051 0,13 18E20 | 29  Precuneus L 14 Calcerine L 012 012 17E-05
21 Occipital Sup R 17 Cuneus R 038 010 18E-20 | 30 Precuneus R 11 Cingulate Mid R 014 0,14 23E-05
35  Cerebellum 4 5 R 19  Lingual R 051 0,14 22E-20 | 16 Cuneus L 12 Cingulate Post L 0,10 011 19E-04
8  Frontal Sup Med Otb R 7 Frontal Sup Med Orb L 059 0,16 84E-20 | 35  Cerebellum 4 5 R 17 Cuneus R 009 011 39E-04
37 ACC pre L 6  Frontal Sup Medial R 048 0,13 87E-20 | 37 ACCoprelL 5 Frontal Sup Medial L 0,13 0,15 4]1E-04
17 Cuneus R 16  Cuneus L 040 011 97E-20 | 22 Ocompital Mid L 20  Occipital Sup L 0,11 0,13 41E-04
37 ACC_pre L 7 Frontal Sup Med Orb L. 044 0,13 24E-19 | 24  Panetal Sup L 17 Cuneus R 0,09 0,10 51E-04
16  Cuneus L 14 Calcenne L 034 0,10 90E-19 | 6 Frontal Sup Medial R 5 Frontal Sup Medial L 0,13 0,16 1]1E-03
25  Panetal Sup R 21 Occipital Sup R 039 013 95E-18 | 30 Precuneus R 15 Calcerine R 012 015 12E-03
9  Rectus R 8  Frontal Sup Med Orb R 045 016 40E-16 | 38 ACC pre R 37 ACC pre L 0,14 018 14E-03
30  Precuneus R 13 Cingulate Post R 028 0,10 46E-16 | 22  Occipital Mid L 13 Cingulate Post R 007 0,10 28E-03
31  Temporal_Sup R 28  Angular R 033 0,12 67E16 | 2 Frontal Sup 2 R 1 Frontal Sup 2 L 012 015 29E-03
13 Cingulate Post R 11 Cmgulate Mid R 027 010 19E-15 [ 30  Precuneus R 28 Angular R 011 0,15 30E-03
29  Precuneus L 12 Cingulate Post L 024 0,10 17E-14 | 24  Panetal Sup L 20 Occipital Sup L 009 0,13 73E-03
32 Temporal Mid L 22 Occipital Mid L 033 013 18E-14 | 16 Cuneus L 1 Frontal Sup 2 L 008 013 0014

26  Panetal Inf L 22 Occipital Mid L 034 015 57E-14 | 18 Limngual L 17 Cuneus R 008 012 0015

29 Precuneus L 16  Cuneus L 025 0,13 32E-12 | 28 Angular R 2 Frontal Sup 2 R 009 0,14 0,027

17 Cuneus R 15 Calcenne R 026 0,13 54E-12 | 30  Precuneus R 19 Lingual R 008 013 0,037

23 Occipital Mid R 21 Occipital Sup R 028 0,16 6,7E-11 | 26  Paretal Inf L 12 Cingulate Post L 006 0,10 0,040

35  Cerebellum 4 S R 34  Cerebellum 4 S L 023 013 69E-11 | 30 Precuneus R 26  Paretal Inf L 006 011 0046

32 Temporal Mid L 27 Angular L 023 013 86E-11 | 36 Vermis 4 5 29 Precuneus L 006 011 0049

12 Cingulate Post L 10 Cingulate Mid L 022 013 33E-10 | 32 Temporal Mid L 10 Cimngulate Mid L 006 010 0049
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Note. All significant (p < 0,05) node pairs with a positive mean partial correlation. M = mean, SD
= standard deviation.

Appendix D
Matrix of significant node pairs

Note. All significant (p < 0,05) node pairs with a positive mean partial correlation visualized in a
matrix. The mean partial correlation of the significant pairs are represented by a color. The mean
negative and unsignificant pairs, as well as the diagonal are set to zero.
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