Clinical Neurophysiology 130 (2019) 1628-1641

Contents lists available at ScienceDirect

Clinical Neurophysiology

journal homepage: www.elsevier.com/locate/clinph

The seizure onset zone drives state-dependent epileptiform activity in N

susceptible brain regions

Check for
updates

Joshua M. Diamond ?, Julio I. Chapeton ?, William H. Theodore”, Sara K. Inati “*, Kareem A. Zaghloul **

2 Surgical Neurology Branch, NINDS, National Institutes of Health, Bethesda, MD 20892, United States
b Clinical Epilepsy Section, NINDS, National Institutes of Health, Bethesda, MD 20892, United States
Epilepsy Service and EEG Section, NINDS, National Institutes of Health, Bethesda, MD 20892, United States

ARTICLE INFO HIGHLIGHTS

Article history:
Accepted 14 May 2019
Available online 2 July 2019

« Interictal epileptiform discharges (IEDs) may be grouped using community detection.
« The seizure onset zone (SOZ) often leads IED activity within cortical communities.

« Spread of IEDs from the SOZ to surrounding tissues is enhanced in the asleep state.
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Objective: Due to variability in the patterns of propagation of interictal epileptiform discharges (IEDs),
qualitative definition of the irritative zone has been challenging. Here, we introduce a quantitative
approach toward exploration of the dynamics of IED propagation within the irritative zone.

Methods: We examined intracranial EEG (iEEG) in nine participants undergoing invasive monitoring for
seizure localization. We used an automated IED detector and a community detection algorithm to iden-
tify populations of electrodes exhibiting IED activity that co-occur in time, and to group these electrodes
into communities.

Results: Within our algorithmically-identified communities, IED activity in the seizure onset zone (SOZ)
tended to lead IED activity in other functionally coupled brain regions. The tendency of pathological
activity to arise in the SOZ, and to spread to non-SOZ tissues, was greater in the asleep state.
Conclusions: IED activity, and, by extension, the variability observed between the asleep and awake
states, is propagated from a core seizure focus to nearby less pathological brain regions.

Significance: Using an unsupervised, computational approach, we show that the spread of IED activity
through the epilepsy network varies with physiologic state.

Intracranial EEG

Published by Elsevier B.V. on behalf of International Federation of Clinical Neurophysiology.

1. Introduction

Interictal epileptiform discharges (IEDs) are an electrographic
manifestation of excessive hypersynchronization of cortical activ-
ity, and are considered to be biomarkers of potentially epilepto-
genic tissue (de Curtis and Avanzini, 2001). The brain regions
generating IEDs, collectively referred to as the irritative zone, usu-
ally overlap with the areas of the brain generating seizures, but this
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relationship is not always straightforward. Although the irritative
zone is often described as a distinct entity, it exhibits significant
spatial and temporal variability, making its analysis complemen-
tary to, yet distinct from, investigations of the seizure onset zone
(S02).

Spatially, the irritative zone can be focal, but may also extend
across larger brain regions and include multiple presumably inde-
pendent subnetworks, each with its own independent populations
or communities of [EDs (de Curtis and Avanzini, 2001; Luders et al.,
2006). Within a given IED community, there tends to be a consis-
tent spatial core of activity. However, variability in IED frequency
in the brain regions within a given community may increase with
increasing distance from the spatial core, as well as with changes
in local and global brain states such as state of arousal (de Curtis
and Avanzini, 2001; Sabolek et al., 2012; Janca et al., 2018;
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Sammaritano et al., 1991; Malow et al., 1999; Alarcon et al., 1994;
Emerson et al.,, 1995). This is generally understood to represent
state-dependent propagation of pathological activity from more
epileptogenic source regions to functionally connected, less patho-
logical cortical regions (Goncharova et al., 2013).

Temporally, long-term intracranial EEG (iEEG) recordings have
demonstrated fairly reproducible circadian and multidien fluctua-
tions in both IEDs and seizure activity within individual patients
(Baud et al., 2018; Karoly et al., 2016), but additional variability
can emerge due to local metabolic and neuromodulatory factors
operating at the neuronal level (Jirsa et al., 2014). Although it is dif-
ficult to measure or control many of these potential influences on
brain state, state of arousal is a factor that is easily observable and
has been shown to affect both seizures and IEDs. Increased rates of
IED activity have been observed during NREM sleep, due at least in
part to increased synchronization (Sammaritano et al., 1991;
Malow et al., 1999; Steriade et al., 1994).

This spatial and temporal variability has made precise character-
ization of reproducible patterns within the irritative zone challeng-
ing, and indeed, grouping IEDs through visual inspection into a core
set of electrodes that define a community is largely a probabilistic
estimation. Several quantitative approaches have been developed
that have improved our understanding of these local interactions
within the irritative zone. Automated extraction techniques have
identified subsets of brain structures frequently and conjointly
involved in the generation of IEDs (Bourien et al., 2005; Wendling
et al., 2009). Investigation of propagation patterns within commu-
nities have shown that leading regions are highly correlated with
the eventual site of seizure origin (Hufnagel et al., 2000; Asano
et al., 2003; Alarcon et al., 1997; Tomlinson et al., 2016). And
network-based approaches have identified increased connectivity
within the epileptogenic zone both during and between seizures
(Varotto et al., 2012; Wilke et al., 2011; Van Mierlo et al.,, 2011;
Lopes et al., 2017; Chiang and Haneef, 2014).

Here, we describe an automated probabilistic method of gener-
ating communities of IED activity based on the co-occurrence of
IEDs within the irritative zone in participants with focal epilepsy.
We show that examining such conditional co-occurrences of IEDs
within these communities provides valuable insight into the
dynamics within the irritative zone. Consistent with previous
work, we show that the SOZ drives pathological IED activity in
functionally coupled surrounding brain regions. Both initiation
and propagation of IED activity are enhanced in the asleep state,
leading to a robust increase in IED activity during this state at
the community level.
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2. Materials and methods
2.1. Study participants and recordings

Nine participants who underwent surgical placement of subdu-
ral and depth electrodes for intracranial seizure monitoring partic-
ipated in this study. Patient demographic and clinical information
is provided in Table 1. Surgical procedures and video-EEG monitor-
ing were performed at the Clinical Center at the National Institutes
of Health (NIH; Bethesda, MD). The research protocol was
approved by the Institutional Review Board, and informed consent
was obtained from all participants. We analyzed all data using cus-
tom Matlab scripts (Mathworks, Natick, MA). We provide descrip-
tive statistics as mean =+ standard deviation (SD) unless otherwise
stated. All reported p-values are two-sided.

We recorded continuous intracranial EEG (iEEG) data from sub-
dural contacts (PMT Corporation, Chanhassen, MN) sampled at
1000 Hz using a Nihon Kohden EEG data acquisition system. Sub-
dural contacts were arranged in both grid and strip configurations
with an inter-contact spacing of 10 mm. We manually rejected
electrodes exhibiting obvious artifacts, abnormal signal amplitude,
or large line noise. For each electrode, we applied a local detrend-
ing procedure to remove slow fluctuations from the time series and
used a regression-based approach to remove line noise at 60 Hz
and 120 Hz (Mitra, 2007). We used a low-pass type I FIR filter
(order = 110, fcutoff =165 Hz) to remove higher order line har-
monics as well as high frequency noise (Chapeton et al., 2017).
We localized electrodes in each participant by co-registering the
postoperative CTs and mapped these locations to both MNI and
Talairach space (Trotta et al., 2017). Preoperative MRIs were used
when postoperative MRIs were not available. Each electrode was
assigned a three-dimensional coordinate in each participant’s
own anatomic space based on localization, and pairwise distances
between electrodes were computed by taking the Euclidian dis-
tance between coordinates.

We captured iEEG data during the entirety of each participant’s
stay in the Epilepsy Monitoring Unit. Continuous data were divided
into two-hour epochs by the data acquisition system. All epochs
selected for our analysis were separated by at least 24 h from a sei-
zure event, to account for the fact that IED rates may be elevated
following seizure (Gotman and Marciani, 1985). Awake and asleep
epochs were chosen based on video monitoring data. During asleep
epochs, the participant was lying quietly with closed eyes and
exhibited minimal body movement and regular respiration for
the duration of the epoch. During awake epochs, the participant

Table 1
Patient characteristics.

Patient Sex Age at Age at Seizure MRI Scalp EEG Procedure Pathology  Seizure Months
seizure  surgery  type(s) findings outcome follow up
onset (engel class)

1 F 14 30 SPS, CPS, rare 2GTCS ~ NL LFT L SAH HS, MDG 2b 27

2 F 4 49 SPS, CPS, rare 2GTCS L MTS BT L SAH HS 3a 24

3 F 19 35 CPS, 2GTCS possible b/l MTS B FT R ATL HS, MDG 1a 30

4 M 40 51 CPS, 2GTCS LF SDH LFT L SAH gliosis UNK 0

5 F 41 58 CPS, 2GTCS NL L>R FT L ATL HS, MDG 1a 3

6 F 19 28 CPS possible L MTS LT L ATL HS, MDG 1a 24

7 F 13 30 CPS R parietal R>L FT R ATL HS 1b 24

encephalo-malacia,

possible R MTS
8 M 3 34 2GTC NL Multifocal R parietal topectomy = MDG 2b 24
9 M 12 18 CPS NL L parasagittal  No resection N/A N/A N/A

SPS: simple partial seizures. CPS: complex partial seizures. 2GTCS: secondarily-generalized tonic-clonic seizures. NL: non-localizing. SAH: selective amygdalohippocam-
pectomy. ATL: anterior temporal lobectomy. MTS: mesial temporal sclerosis. Possible MTS: subtle FLAIR hyperintensity, relatively preserved structure. SDH: subdural
hematoma. FT: frontotemporal. HS: Hippocampal sclerosis. MDG: microdysgenesis. UNK: unknown (patient lost to follow up).
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was carrying out spontaneous activities with eyes open for the
duration of the epoch.

A Dboard-certified epileptologist experienced in the clinical
review of intracranial EEG, and blinded to our analysis, identified
the individual electrodes that were involved in the first several sec-
onds of seizure onset during any seizure recorded over the entire
monitoring period (Marsh et al., 2010; Wang et al., 2013). Impor-
tantly, only ictal data was used for this designation. These elec-
trodes were designated seizure onset zone (SOZ) electrodes.

2.2. Automated IED detection

We used an automated IED detector, written in custom scripts,
in order to identify IED events. Our IED detector works similarly to
IED detectors which have been created and validated in previous
work (Brown et al., 2007; Gaspard et al., 2014). The automated
IED detector took raw iEEG time series data as input (Fig. 1a). For
each two-hour epoch of recorded data, we computed the mean,
1, and standard deviation, g, of the iEEG trace separately for each
electrode. We defined peaks and troughs in the raw iEEG trace as
those time points during which the iEEG recorded signal was
greater than p + 30 or less than u — 30, respectively. We defined
each IED event as those instances where both a peak and a trough
occurred within a single 100 ms window, and where the peak-
trough height was greater than or equal to 9¢. Additionally, either
the peak, trough, or both must have had a topographic prominence
of 3¢, within the defined 100 ms window.

Detected IEDs may either have a morphology in which a peak
precedes the trough or one in which a trough precedes a peak.
Either the peak or the trough, or both, may meet the prominence
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requirement. This therefore results in four total morphologies,
which are not mutually exclusive. A set of example IEDs with
one such morphology is shown in Fig. 1b. After we identified all
IEDs for a given electrode in a given epoch, we selected the pre-
ferred morphology for IED events for that electrode. We defined
the preferred morphology as that for which a threshold IED rate
was exceeded (0.025 IEDs/min) and for which the peak-to-trough
distance of the mean trace was the largest among all morphologies
which met the threshold requirement. In practice, however, the
identity of the preferred morphology was usually obvious on visual
inspection of the extracted waveforms, in that, for the preferred
morphology, these waveforms were more numerous, had greater
peak-trough height, and more closely resembled typical IEDs.
Indeed, IED morphology tended to be relatively uniform within
individual electrodes. Once we identified the preferred morphol-
ogy for a given electrode, we recorded the times during which
IED events of that morphology occurred for further analysis
(Fig. 1c). In each participant, we used our automated IED detector
to create a pool of all electrodes which exhibit IED activity.

A board-certified epileptologist experienced in the clinical
review of intracranial EEG reviewed the recordings for each partic-
ipant blinded to our analysis and identified individual IEDs, so as to
validate our IED detector. We randomly selected a single epoch
from each of three participants for validation. Within each of these
epochs, we then randomly selected three electrodes, yielding a
total of nine electrodes with detected IED activity that we com-
pared to the clinically-identified events. Our detection algorithm
identified IED events with a sensitivity of 0.64, a positive predictive
value (PPV) of 0.69, and a false detection rate of 1.39 per minute.
This performance is similar to or better than that of previously
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Fig. 1. Automated IED detection. (a) Raw iEEG traces from four intracranial electrodes in a single participant, characterized by the presence of IEDs. Independent from our
analysis, a clinical epileptologist identified electrodes involved in the seizure onset zone (SOZ, teal). Remaining electrodes were designated as non-SOZ (black). (b) The
automated IED detection algorithm searched for large fluctuations in the amplitude of the voltage time series (see Section 2.2, Automated IED detection). All waveforms of a
single IED morphology (black), in a single electrode and epoch, and the average across all IEDs in this electrode (teal) are shown. (c¢) The time of each IED is recorded for each
electrode and retained for further analysis. The raster plot for the four representative electrodes from a is shown throughout a single awake and asleep epoch. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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described automated IED detectors (Brown et al., 2007; Gaspard
et al., 2014). Of note, accurate IED detection remains a challenge,
as even agreement between clinical epileptologists on IED classifi-
cation may be as low as 41% (Gaspard et al., 2014). We found that
the sensitivity of our IED detection algorithm increased, and the
PPV decreased, as we decreased the threshold criterion for IED
amplitude, but both were generally robust to parameter changes.

2.3. IED coupling between electrodes

In order to determine whether a pair of electrodes are coupled,
we computed the conditional probability that an IED event in one
electrode would occur given that an IED event occurred in another.
We defined S; and §; as a binary metric of whether or not an IED
was observed in electrodes e; and e;, respectively, at a given time.
We defined the instances in which an IED in electrode e; leads an
IED in electrode e; as S;, S, and imposed three constraints on such
instances. First, if electrodes e;, e;, and ey participated in a sequence
of IED events, in that order, we only considered co-occurrences
with the leader electrode ¢; : S;,S; and S;, S¢, but not §;, S. Second,
to consider only electrode pairs in which an IED event in one leads
an IED in another, we only retained instances of S; that occur no
more than 50 ms before S; (Alarcon et al., 1997; Tomlinson et al.,
2016). Finally, to eliminate any possibility that the coordinated
IED events we observe might arise from volume conduction, we
only considered instances of S; that occur at least 1 ms prior to
S;. Three example electrodes exhibiting IEDs, and the time relation
between them, are depicted in Fig. 2a.

We used such instances of S;,S; to compute the conditional
probability, P(S;|S;), which describes the likelihood that an IED in
e; was present immediately before an IED was present in e;. We
computed P(S;|S;) by dividing the probability of observing an
instance of S;,S; by the probability of observing an IED in e;:

P(S;,S))
P(S;)

P(SiS) =

We designated e; and e; as coupled if IEDs identified in electrode e;
consistently led IEDs identified in electrode e; (high value of
P(SilS;)), if e; consistently led e; (high value of P(S}|S;)), or both. For
the case i =j, we defined P(S;[S;) as 0. Note that, rather than using
the joint probability P(S;,S;), we used a conditional probability in
which we normalized the joint probability to the IED rate of the fol-
lower electrode, so that two electrodes that simply have a high rate
of IED activity are not coupled unless the IED activity of one is
dependent upon the other. In this manner, we established a proba-
bilistic measure of the extent to which IED activity in the follower
electrode depends on the IED activity in the leader to spike. Hence,
if P(SiS;) is high, e; led nearly every time electrode e; had an IED
event, and therefore e; usually cannot independently exhibit an
IED without e;. It may still be the case, though, that e; often exhibits
IEDs without giving rise to an IED in e;. Thus, for any two electrode
contacts, we can assess a bidirectional measure of dependence.

2.4. Automated community detection

We used the conditional probabilities of IED events between
electrodes to construct a weighted adjacency matrix, w, where
each element wj; of the adjacency matrix represents the coupling,
given by the conditional probability, between every pair of elec-
trodes e; and e;:

w; = P(SilS))

The adjacency matrix, w, thus provides the edge weights of a direc-
ted graph. w is not symmetric, as IED activity in one electrode may

drive, yet occur independently of, activity in another. w for one rep-
resentative participant is shown in Fig. 2b. To group electrodes with
co-occurring IEDs into communities, we used the spectral optimiza-
tion technique for community detection (Newman, 2006), general-
ized to accept directed graphs (Leicht and Newman, 2008). This
algorithm was implemented in the Brain Connectivity Toolbox
(Rubinov and Sporns, 2010).

Beyond simply detecting groups of electrodes with dispropor-
tionately high coupling between them, we sought to also account
for the fact that electrodes which are closer to each other may be
more likely to have high coupling strength simply by virtue of their
distance. To address this, we implemented the gravity constraint
(Expert et al., 2011). This method uses the empiric adjacency
matrix to create a deterrence function, which effectively penalizes
electrodes which are close and rewards electrodes which are far
away. This deterrence function is affixed to the null model.

We started with a null model which resembles the Newman-
Girvan model (Newman and Girvan, 2004), modified for directed
graphs (Leicht and Newman, 2008):

inj,out
P,‘j = ki kj

We then modified the null model further by adding the deterrence
function f (Expert et al., 2011):

Py = ki"k;"'f (dy)
where the deterrence function f(d) is given by
i

—dWij
fid) = S
Zi,j\dij:d i K

f(d) gives greater weight to the elements of the null model if, simply
because those electrodes are located close in space, those elements
have a stonger connection strength. Note that the total weight of
the null network P is equal to that of w.

Since the set of possible distances dj is continuous, we imple-
mented a binning scheme to discretize these values. We separated
the set of all distances into bins of 200 elements each, such that
there were usually between 20 and 30 bins. We considered several
binning methods, including choosing bins of equal element count
or bins of equal distance (explored in Sarzynska et al., 2015). The
choice of binning paradigm did not have a significant effect on
our results. Note that the deterrence function, as originally
described, was intended for undirected graphs (Expert et al.,
2011). This method easily generalizes to directed graphs. In com-
puting f(d), for two electrodes e; and e; separated by some distance
d, we simply include the respective cell in both the upper and
lower triangles of the adjacency matrix w, and of the node impor-

i

tance matrix k;"k?"", as summands in the numerator and denomina-
tor, respectively, of the expression for f(d).

Using our null model, we then proceeded with modularity max-
imization (Leicht and Newman, 2008). Here, the modularity Q is
maximized, with Q given by

1 .
QZEZ{WU‘ 7V'Pﬁ}bci-ﬁj'

7

y is a resolution parameter which allows for control of the commu-
nity size. A larger value of y gives greater weight to the null model,
and therefore promotes the selection of smaller communities. We
used y = 1 as our resolution parameter, which has been used canon-
ically. ¢; is the Kronecker delta symbol, and ; reflects the community
assignment of electrode e;. Thus, multiplication by e, restricts com-
putations of modularity only to connection strengths within each
community. m represents the summed weight of all edges in w.
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Fig. 2. Automated community detection. (a) To determine if two electrodes were coupled, we identified all instances in which IEDs occurred in two or more electrodes within
the same 50 ms window. (b) These IED co-occurrences were used to calculate the conditional probability that, when an IED was present in one electrode, the other electrode
led the IED sequence. These conditional probabilities were used to populate the weighted directed adjacency matrix w, shown in panel b, and served as a measure of directed
coupling strength between every electrode pair. The inset demonstrates a close up view of the adjacency matrix. (c) We created the modularity matrix by starting with the
empiric matrix (b) and adjusting each coupling strength for node degree and spatial spread (see Methods). This modularity matrix was then put into our community detection
algorithm, which groups electrodes into communities such that these adjusted coupling strengths are disproportionately-high within communities. The output is shown in
(c). Using a permutation test, we identified those communities that were unlikely to have arisen by chance. These were labelled as Type 1 communities if they contained 10%
or greater SOZ electrodes (shades of red), or Type 2 communities if they contained fewer than 10% SOZ electrodes (shades of blue). (d) This diagram provides an illustration of
the network behavior of this patient’s sole Type 1 community (shown in panel c, top left). Electrode size corresponds to IED rate. Electrode color corresponds to the electrode’s
out-strength, which is a measure of the electrode’s cumulative tendency to lead other electrodes within its community. Arrow size represents coupling strength, and arrow
color reflects the average between source and destination node out-strength. Electrodes encircled in teal are SOZ electrodes. The SOZ electrodes tend to have the greatest out-
strength. Coupling relationships are dynamic: the electrode with the greatest out-strength is at times led by other electrodes, and other electrodes with lesser overall out-
strength have similar spiking rate. RTT: right temporal tip; RAST: right anterior subtemporal; RPST: right posterior subtemporal; ROF: right orbitofrontal; RAST: right anterior
subtemporal; G: grid. (e-g) Cortical surface reconstruction of this participant demonstrating the anatomic location of every electrode; right lateral view (top) and inferior
view (bottom). Electrodes shown in teal are the clinically-identified SOZ electrodes. (e) Algorithmically-identified IED communities within this patient. Colors match those
used in c; shades of red indicate Type 1 communities, while shades of blue indicate Type 2 communities. (f) Heatmap indicating the global out-strength of each electrode. As
in d, we see that the greatest out-strength is seen in the mesial temporal region within the SOZ. (g) The resection territory for this particular patient is shown in black. The
resection territory encompasses this patient’s sole Type 1 cluster, as well as elements of several Type 2 clusters (panel f). The resection territory also contains those electrodes
with greatest out-strength (panel f). This patient experienced seizure freedom following resection. (For interpretation of the references to colour in this figure legend, the
reader is referred to the web version of this article.)
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The modularity Q is maximized when each community has
strong connections between its members and relatively weaker
connections with nodes outside the community. The community
organization of the modularity matrix [w; — 7 - Py] in a particular
participant is shown in Fig. 2c. Note that all electrodes are placed
into communities, even though the modularity of some communi-
ties may not be particularly high. To address this, we used a per-
mutation test to identify those communities with statistically-
significant modularity. This permutation test was implemented
in the Network Community Toolbox. For each participant, we per-
muted the community assignments for each node, e;, 1000 times.
Note that, after each permutation, each community still contained
the same number of nodes. We then reassessed the modularity of
each individual community. Thus, for each community, we
obtained 1000 modularity values, each corresponding to a random
reassignment of node members. From these modularity values, we
obtained the mean and standard deviation, and took the z-score of
the true modularity value. We designated communities with z > 6
as significant. We chose the threshold z = 6 because substantially
lower threshold values were insufficient to result in a significant
reduction of our community count. However, our results were gen-
erally robust to changes in the z-score threshold.

We were interested in comparing those communities which
contained drivers of pathological activity to those which did not.
Therefore, we designated our algorithmically-identified communi-
ties as Type 1 and Type 2 communities, as follows: if at least 10% of
electrodes within an identified community were SOZ electrodes, we
defined that community as a Type 1 community. On the other hand,
if fewer than 10% of electrodes within a given community were SOZ
electrodes, we defined it as a Type 2 community. Thus, Type 1 com-
munities contained SOZ and non-SOZ electrodes, while Type 2 com-
munities contained few, or, more often, no SOZ electrodes.

Before the permutation procedure, we identified 46 communi-
ties across all participants, comprising 727 electrodes, of which 74
were SOZ. Mean pairwise distance between electrodes in these
communities was 4.23 + 1.96 cm. Each patient had median 5 (range
3-7) communities, of which median 1 (range 0-4) were Type 1.
After the permutation procedure, we retained 33 communities
across all participants, comprising 583 electrodes, of which 57 were
SOZ. Mean pairwise distance was 4.49 + 2.02 cm. Because the com-
munity detection procedure measures modularity in a space-
independent fashion (Expert et al., 2011), the community spatial
spread was not expected to change after the permutation proce-
dure. After the permutation procedure, each participant had median
4 (range 1-6) communities, of which median 1 (range 0-3) were
Type 1.

2.5. Electrode leading and susceptibility

The adjacency matrix w reflects the extent to which each elec-
trode leads or is led by other electrodes. Given a single participant
with n total electrodes, if wj is high for some iand allj € {1,...,n},
then electrode e; on average leads the other n electrodes. Likewise,
if wj; is high for some i and all j € {1,...,n}, then we may infer that
electrode e; is led, on average, by the other n electrodes. We there-
fore established measures of whether a given electrode, e;, on aver-
age, leads or is led by other electrodes in the global network, as the
global out-strength, s, (e;) and in-strength, si,(e;) respectively:

Sout(€1) = ZWU
Z"Vﬂ

These measures simply take the mean of the outward and inward
coupling strengths, respectively, for a particular electrode e;.

Sin(e:)

Out-strength and in-strength have been previously used in graph
theory to capture asymmetric control and influence relationships
(Barrat et al., 2007; Opsahl et al., 2010; Newman, 2001). With these
metrics, we may quantify coupling of IED activity more explicitly
than do previous studies that considered leading electrodes in IED
sequences (Alarcon et al., 1997; Hufnagel et al., 2000). IED behavior
is often highly variable, likely due in part to the fact that IED activity
is subject to both local and network influences (Karoly et al., 2016;
Baud et al., 2018; Jirsa et al., 2014). Our probabilistic approach may
be better suited than previous methods to capture IED leading and
entrainment relationships in the setting of this variability.

The out-strength and in-strength may be defined by using all
electrodes in a given participant, or by using only the electrodes
within a given community. Further, we may or may not choose
to restrict computations of strength to a subset of electrode rela-
tionships, such as those between SOZ and non-SOZ electrodes.

For some community C and electrode e; € C, we can compute
the local out-strength, as follows:

(c G

e;eC

Sout(€; € C) =

where |C| denotes the number of electrodes in the set C. Local in-
strength is computed similarly (see the equation for global in-
strength). Note that we only examine local out-strength and local
in-strength for electrodes within communities which were deemed
significant after our permutation test.

We can also compute the extent to which an electrode’s IED
activity affects IEDs in electrodes that lie outside of its community.
We designate this as that electrode’s external out-strength:

{ej ¢ C}‘Z

egéC

Sout(€; € C) =

which captures how much IED activity in a given electrode e; drives
IEDs in all other electrodes that are not in e;’'s community.

We may also compute the local in- or out-strength by only con-
sidering the relationships across electrode SOZ types. We denote Z
as the set of electrodes in a particular participant that are SOZ.
Thus, e; € CNZ denotes an electrode in community C that is also
an SOZ electrode, and e; € C \ Z denotes an electrode in community
C which is not SOZ. The modified local out-strength for some elec-
trode e; c CNZis:

Sout(€i € CNZ) =

Likewise, for some non-SOZ electrode e; € C\ Z, the modified local
out-strength is:

Sout(6; € C\Z) =

The modified local out-strength therefore reflects the extent to
which an electrode which is an SOZ, or not an SOZ, electrode leads
activity in other electrodes within the same community that are
not, or are, SOZ electrodes, respectively. Modified in-strengths are
computed similarly. The modified strength is defined only for elec-
trodes within communities that were deemed significant after per-
mutation test, and which have at least one SOZ electrode and at
least one non-SOZ electrode.

We were also interested in the extent to which in- and out-
strength differed from each other in a single electrode, and, there-
fore, the degree to which an electrode’s tendency to lead or be led
is asymmetric. We thus computed the relative difference between
the absolute out-strength and in-strength for each electrode. This
metric is defined as the relative out-strength, . (e;) for each elec-
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trode e;, which is the additive inverse of the relative in-strength
Tout(€i):

_ Sout(ei) — Sin (ei)

Four @) =5 (@) + 5m(@)

The relative out-strength may be computed using standard, local, or
modified absolute out- and in-strengths.

2.6. IED sleep-wake asymmetry

Based on the mean IED rate during all awake and asleep epochs
for each electrode, we defined the sleep-wake asymmetry as:

fsleep _.fawake
fsleep +fuwuke

where fsleep and fawae are the mean IED rates across all asleep and
awake epochs, respectively, for each electrode.

3. Results

We examined intracranial EEG (iEEG) recordings in nine partic-
ipants (six female; mean age 39.9, range 20-58) who were being
monitored for seizure activity using surgically placed intracranial
subdural and depth electrodes. Implantations were performed for
clinical reasons including lack of imaging findings, uncertainty
about seizure focus lateralization, or dual pathology. Patient infor-
mation, including demographic and clinical data, are provided in
Table 1. In brief, seven of the nine patients included in our study
had temporal lobe epilepsy and proceeded to temporal lobe resec-
tions. One patient had a parietal resection, and one patient with
extra-temporal lobe epilepsy had no resection due to poorly local-
ized seizure onsets (Figs. S1 and S2). Of the 8 patients with resec-
tions, post-operative seizure outcomes included 4 patients with
Engel class 1, 2 with Engel class 2, and 1 with Engel class 3 out-
comes; one patient was lost to follow up.

Each long-term monitoring session was divided into two-hour
epochs by the recording system. We examined, on average, 6 + 1
(mean + SD; median 6, range 5-8) epochs in each participant for
the presence of IEDs. These included 3.2 +0.83 asleep epochs
(median 3, range 5-8) and 2.8 & 0.44 awake epochs (median 3,
range 2-3) in each participant, comprising 8.1+3.6 and
6.7 + 2 h, respectively. Based only on ictal iEEG recordings, and
on previously established criteria (Marsh et al., 2010), an epileptol-
ogist blinded to our analysis determined which electrodes partici-
pated in seizure onset. We designated these electrodes as SOZ
(seizure onset zone) electrodes. All other electrodes were desig-
nated as non-SOZ electrodes.

3.1. Automated community detection

We were interested in characterizing the relationships between
electrode pairs based on the tendency of IED activity in one elec-
trode to lead IED activity in the other. Such a relationship would
suggest that the two electrodes exhibit a functional coupling.

We first used a custom-built automated IED detector to identify
IED events in every electrode in every epoch extracted for analysis
(Fig. 1; see Methods, Section 2.2, Automated IED detection). On
average, we identified 81 4 13 electrodes per participant that
demonstrated IED activity. The average IED rate among these elec-
trodes was 1.1 £ 1.2 IED per minute. This amounted to a mean
total number of IED events of 927 + 1018 per electrode, over all
epochs considered. The IED rate in SOZ electrodes was 1.3 & 0.98,
compared to 1.1 + 1.3 in non-SOZ electrodes. There was no signif-
icant difference in IED rates between these groups
(t(591) = 1.56,p = 0.12).

We then established a bi-directional measure of coupling
strength between electrodes, defined as the probability of observ-
ing an IED in one electrode, given that a IED occurred in another
(see Methods, Section 2.3, IED coupling between electrodes). Based
on these coupling strengths, we used an automated procedure to
sort electrodes into communities that each exhibited strong cou-
pling among its members (Fig. 2a-c; see Methods, Section 2.4,
Automated community detection). Hence, in an unsupervised fash-
ion, electrodes were assigned to groups such that, within each
group, coupling strengths were significantly higher than would
be expected by chance. The resultant communities in a single par-
ticipant are shown in Fig. 2c-e. Across participants, we identified
33 communities containing a total of 583 electrodes. Mean pair-
wise distance between electrodes within each community was
4.49 4+ 2.02 cm.

We designated each algorithmically identified community as
either Type 1 or Type 2, depending on whether at least 10% of
the electrodes in a given community were designated as SOZ elec-
trodes (see Methods, Section 2.4, Automated community detec-
tion). In this manner, we designated 11 communities as Type 1.
Each participant had median 4 (range 1 - 6) communities, of
which median 1 (range 0-3) were Type 1. Each Type 1 community
contained a total of 20.00 & 14.08 electrodes, of which on average
26.0 + 25 percent were SOZ electrodes. Each Type 2 community
contained a total of 16.95 4 12.90 electrodes, of which on average
1.0 + 2.0 percent were SOZ electrodes. Every participant had at
least one community containing SOZ electrodes. However, since
Type 1 communities required 10% or greater SOZ electrodes, two
participants (IDs 2 and 7) had no Type 1 communities. Information
about community count, SOZ content, and anatomic locations are
provided in Table 2.

3.2. SOZ electrodes lead IED activity within Type 1 communities

Given that SOZ electrodes are designated as the electrodes in
which seizures, and by extension pathologic interictal activity,
are presumed to originate, we hypothesized that IED activity in
the SOZ electrodes would lead IED activity in other electrodes
within the Type 1 communities. We explored this hypothesis using
each electrode’s out- and in-strength, which reflect the extent to
which an electrode exhibits IED activity that leads, or is led by,
other electrodes. We found that, within Type 1 communities, the
electrodes with the greatest out-strength tended to be the SOZ
electrodes (Fig. 2d, f). In virtually all participants, the clinically-
identified SOZ electrodes overlapped with the electrode or elec-
trodes with maximal out-strength within their community
(Figs. S1 and S2). Our findings suggest that those brain regions that
ultimately give rise to seizures lead IED activity within cortical net-
works. These findings are consistent with previous work demon-
strating that electrodes which lead sequences of IEDs tend to lie
within the SOZ (Alarcon et al., 1997; Hufnagel et al., 2000). How-
ever, our findings build upon this previous work to illustrate the
probabilistic basis by which electrodes depend on the SOZ to give
rise to IEDs.

We sought to further explore the nature of the coupling relation-
ships within Type 1 communities, including the relationship
between SOZ and non-SOZ electrodes. We hypothesized that the
tendency of SOZ electrodes to lead the global network (Fig. 2f)
stemmed in particular from SOZ electrodes leading non-SOZ elec-
trodes within Type 1 communities. We therefore examined the con-
tribution of global and local out-strengths (see Methods, Section 2.5,
Electrode leading and susceptibility) to the tendency of SOZ
electrodes to lead other electrodes. Across all participants, the mean
global out-strength was significantly higher among SOZ
electrodes (0.0046 +0.0036), compared to non-SOZ electrodes
(0.003 £ 0.0024;t(725) = 5.20,p < .001). In addition, across all
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Table 2
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Anatomic locations of communities and resections in study participants. A key is provided following the table. Colors in the cluster type column correspond to

the colors used in Figs. 2, S1, and S2.

Patient Total Number | Number | Number | Comm- Locations, Locations, non-SOZ Locations,
comm- | of total of SOZ | resected unity SO0z resected
unities leads leads leads Type

1 5 16 0 0 G, MST, PST, TO
17 3 5 MST, PST, TT G, OF, PST, TT G, MST, TT
13 0 0 AST, LF, MST, OF, TP, TT
5 0 0 PPST, TP
4 0 0 G
2 1 29 1 2 T AST, G, LF, OF, P, PST, TT AST, TT
3 4 12 10 11 G, RAST, RMST, ROF G, RAST, RMST,
RPST, RTT RPST, RTT
5 0 5 G G
13 0 5 G, LPLT G
49 0 3 G, LALT, LAST, LPLT, LPST, RIF, G, RPST, RTT
ROF, RP, RPST, RSF, RTT
4 5 32 3 1 G G, LF, MO, MST, OF, PP, SO G
19 3 0 MO, PST G, 10, LP, PP, PPST, SO
13 3 6 AST, TT AST, G, LF, LP, PP, TT AST, G, TT
9 6 0 G, PPST, PST 10
7 0 0 G TT
5 3 36 1 6 G G, LAST, LF, LMST, OF, P, RALT, G, LAST, LMST,
RAST, RPLT, TT T
16 0 0 G, LPST, P, PPST, RPLT, RPST
10 1 7 T G, LMST, TT G, LMST, TT
6 2 44 9 14 AST, MST, G, LF, LP, MST, OF, TT AST, G, MST, TT
PST, TT
9 1 3 G G G
7 3 15 0 1 G, IF, ILT, MLT, PLT, PST, SF, SLT PST
41 2 16 ATT AST, ATT, G, IF, MLT, PLT, PST, AST, ATT, PLT,
SF, SLT PST, SLT
16 0 0 G, ILT
8 6 10 1 RAST, RAT, RPP, RPST RPP
46 7 6 RMF, RPF, LPT, RAF, RAP, RAT, RMF, RMP, RMP, ROP, RPP
RSM ROP, RPF, RPIH, RPP, RPST, RPT,
RSM
9 1 1 RPP LAST, LAT, LPST, RAT RPP
3 0 0 LAST, LPST
23 1 2 RMF RAP, RAST, RAT, RMP, ROP, RAP, ROP
RPIH, RPP, RPST, RPT
4 0 0 LAST, LAT, LPST
9 4 32 5 0 AlP, IP AIF, AIP, ASF, ASP, AST, IP, LF,
PF, PIP, PSP
8 0 0 AIP, IP, PIP, PSP
11 0 0 AIP, ASP, IP, LF, PF, PIP, PSP
17 0 0 AIF, ALT, ASF, AST, LF, PST

Key: Shades of red: Type 1 community. Shades of blue: Type 2 community.

The colors used in the community type column map onto the colors used in Figs. 2, S1, and S2.

L: Left. R: right. AF: anterior frontal. AIF: anterior inferior frontal. AIP: anterior inferior parietal. ALT: anterior lateral temporal. AP: anterior parietal. ASF:
anterior superior frontal. ASP: anterior superior parietal. AST: anterior subtemporal. AT: anterior temporal. ATT: anterior temporal tip. F: lateral frontal. G:
temporal grid. IF: inferior frontal. ILT: inferior lateral temporal. I0: inferior occipital. IP: inferior parietal. MF: middle frontal. MLT: middle lateral temporal.
MO: left middle occipital. MP: middle parietal. MST: middle subtemporal. OF: orbitofrontal. OP: occipito-parietal. P: parietal. PF: posterior frontal. PIH:
posterior interhemispheric. PIP: posterior inferior parietal. PLT: posterior lateral temporal. PP: posterior parietal. PPST: posterior posterior subtemporal.
PSP: posterior superior parietal. PST: posterior subtemporal. PT: posterior temporal. SF: superior frontal. SLT: superior lateral temporal. SM: sensorimotor.
SO: superior occipital. TO: temporo-occipital. TP: temporo-parietal. TT: temporal tip.

participants, the mean local out-strength was also significantly
higher among SOZ electrodes (0.014 +0.017) compared to non-
SOZ electrodes (0.0087 +0.012;¢t(591) = 3.09,p < 0.001). Thus,
SOZ electrodes tended to lead IEDs in both global and local networks.

We also examined whether SOZ electrodes tended to lead
IEDs more strongly than non-SOZ electrodes if we only consid-
ered coupling from electrodes within communities to those out-
side them. We therefore computed the external out-strength for
each electrode, which specifically quantifies the extent to which
each electrode leads electrodes that lie outside of its community
(see Methods, Section 2.5, Electrode leading and susceptibility).

We found no difference between external out-strength in SOZ
electrodes (0.0019 +0.002) compared to non-SOZ electrodes
(0.0016 +0.0015;t(591) = 1.00,p = 0.32). As expected by virtue
of the design of our community detection algorithm, the local
out-strength was much greater than the external out-strength
in SOZ electrodes (t(112) =5.43,p < 0.001), as well as in non-
SOZ electrodes (t(1070) = 13.97,p < 0.001). Thus, the tendency
of SOZ electrodes to lead the global network stems primarily
from their activity within local communities.

To explicitly investigate the coupling relationship between SOZ
and non-SOZ electrodes, we computed the modified out-strength,
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which excludes all relationships within each SOZ or non-SOZ cate-
gory and focuses only on relationships across categories (Fig. 3a, b,
see Methods, Section 2.5, Electrode leading and susceptibility). We
only analyzed these relationships in Type 1 communities, since
these are the communities in which SOZ electrodes were likely
to be present and exert influence. SOZ electrodes had significantly
greater modified out-strength compared to non-SOZ electrodes
(0.016 = 0.025 versus 0.0046 + 0.0083,t(218) = 5.25,p < .001;
Fig. 3¢, d). SOZ electrodes also had significantly greater relative
out-strength compared to non-SOZ electrodes (0.21 4 0.40 versus
—0.17 £ 0.55,t(218) = 4.49,p < .001; Fig. 3c, e; see Methods, Sec-
tion 2.5, Electrode leading and susceptibility). There was no signif-
icant difference in in-strength between electrode groups, although
SOZ electrodes had slightly greater in-strength than non-SOZ elec-
trodes (0.0097 +0.016 in SOZ electrodes versus 0.007 + 0.0057 in
non-SOZ electrodes; t(218) = 1.11,p = 0.27). Together, these data
support the hypothesis that within Type 1 communities, IED activ-
ity in SOZ electrodes leads IED activity in non-SOZ electrodes.

3.3. State variability of IED activity

Given that the identified communities indeed reflect functional
coupling between brain regions, IED activity between coupled
brain regions might covary dynamically with physiological state.
To explore this, we examined how the transmission of IED activity
from the SOZ to susceptible surrounding brain regions differs in
awake versus asleep states. Previous evidence has suggested that
physiologic states such as sleep may modulate IED rates
(Sammaritano et al.,, 1991; Malow et al., 1999; Varotto et al.,
2012; Clemens et al., 2005; Francione et al., 2003; Lambert et al.,
2018), and so we hypothesized that state-related variability in
IED activity within epileptogenic regions may influence state-
related variability in surrounding brain tissue through the func-
tional coupling that we have identified thus far.

J.M. Diamond et al./Clinical Neurophysiology 130 (2019) 1628-1641

The overall mean IED rate was greater in the awake state com-
pared to the asleep state 1.2+19 versus
0.97 £0.9;t(726) = 4.62,p < 0.001). However, the overall rate of
IEDs across all electrodes does not account for any differences that
may arise within each type of electrode. We thus evaluated IED
rate during awake and asleep states, considering community and
electrode types separately.

Consistent with previous findings (Sammaritano et al., 1991;
Malow et al., 1999; Varotto et al., 2012; Clemens et al., 2005;
Francione et al., 2003; Lambert et al., 2018), SOZ electrodes demon-
strated 1.7+ 1.4 IEDs per minute during sleep compared to
0.91 +0.71 per minute during awake states. For non-SOZ elec-
trodes, however, asleep and awake IED rates were 0.89 +0.85
and 1.3 + 2.2, respectively. Of note, non-SOZ electrodes are present
in substantial numbers in both Type 1 and Type 2 communities. In
non-SOZ electrodes within Type 1 communities, the mean IED rate
during asleep and awake epochs was 0.88 & 0.76 versus 1.1 2.8
respectively. Meanwhile, non-SOZ electrodes in Type 2 communi-
ties exhibited a mean IED rate during asleep and awake epochs
of 0.89 4+ 0.88 versus 1.4 & 1.8, respectively.

To explore this further, we established a metric for state vari-
ability, the sleep-wake asymmetry, that captures the extent to
which IED rates vary between the sleep and awake states while
controlling for the absolute value of these rates (see Methods, Sec-
tion 2.6, IED sleep-awake asymmetry). This metric ranges between
1 and -1, depending on whether IEDs are only observed during
sleep or during the awake state, respectively, and takes a value
of 0 if the IED rate is unchanged between the two states. The
sleep-wake asymmetry was significantly greater than zero in Type
1 community electrodes (t(219) =4.41,p < 0.001, one-sample
t-test) and significantly less than zero in Type 2 community
electrodes (£(372) = 6.75,p < 0.001, one-sample t-test. The sleep-
wake asymmetries of electrodes within Type 1 and Type 2 commu-
nities were also significantly different from one another (0.12 +0.4
versus —0.12 +0.33;t(591) = 7.7,p < 0.001; Fig. 4a).
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Fig. 3. Relationship between SOZ and non-SOZ electrodes in Type 1 clusters. (a) We were interested in considering the influence of SOZ electrodes on non-SOZ electrodes, and
vice versa. Therefore, we developed the modified out-strength, which considers only the relationships between electrode types, and not within electrode types (see Section 2.5,
Electrode leading and susceptibility). This approach is schematized in a. (b) provides an additional schematic illustration of the modified out- and in-strengths. We only
considered cells of the community adjacency matrix which correspond to the coupling strengths between electrodes of differing SOZ status. RTT: right temporal tip; RAST: right
anterior subtemporal; RPST: right posterior subtemporal; ROF: right orbitofrontal; RAST: right anterior subtemporal; G: grid. (c) Here, the modified in-strength is plotted
against the modified out-strength for all Type 1 community electrodes. We can see that SOZ electrodes tend to have a greater absolute out-strength than non-SOZ electrodes.
SOZ electrodes also tend to lie below the diagonal, corresponding to a positive relative out-strength, while non-SOZ electrodes tend to lie above the diagonal. (d) Comparison of
out-strength in SOZ versus non-SOZ electrodes. The SOZ electrodes have a significantly greater absolute modified out-strength (p < 0.001). Error bars indicate 95% confidence
interval. (e) Comparison of relative out-strength in SOZ versus non-SOZ electrodes. The SOZ electrodes have a significantly greater relative modified out-strength (p < 0.001).
Error bars indicate 95% confidence interval. The results shown in c-e suggest that, within Type 1 clusters, SOZ electrodes drive IED activity in non-SOZ electrodes.
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Fig. 4. The effect of physiologic state on coupling strength and IED activity. (a) Sleep-wake asymmetry reflects the extent to which IED activity is different between the sleep
and awake states (see Methods, Section 2.6, IED sleep-wake asymmetry). In Type 1 communities, the sleep-wake asymmetry is significantly positive (p < 0.001),
corresponding to a greater IED rate in the asleep state. On the other hand, the sleep-wake asymmetry is significantly negative in Type 2 communities (p < 0.001), indicating
that [ED rates are greater in the awake state. The sleep-wake asymmetry is significantly different between the two groups (p < 0.001). (b) Sleep-wake asymmetry in SOZ
versus non-SOZ electrode within Type 1 communities. Notably, the sleep-wake asymmetry is significantly positive in both groups (p < 0.001 in SOZ electrodes; p < 0.05 in
non-SOZ electrodes. The sleep-wake asymmetry is also significantly different between the two groups (p < 0.001). (c) Sleep-wake asymmetry is computed at the level of the
community; each dot represents a community mean. There is a significant difference between Type 1 and Type 2 community means (p < 0.001), consistent with the findings
in a. Moreover, there is a substantial effect size between the two groups; Cohen’s d = 1.51. When used to distinguish between Type 1 and Type 2 clusters, the sleep-wake
asymmetry yields an area under the receiver operating characteristic curve of 0.86. The robust difference in sleep-wake asymmetry at the cluster level likely stems from the
covariance in IED activity within cluster members (panels a and b). (d) The absolute modified out-strength is provided for SOZ electrodes in asleep and awake states (see
Section 2.5, Electrode leading and susceptibility). Out-strength in SOZ electrodes is significantly-greater in the asleep state than in the awake state (p < 0.001). (e) The
absolute modified in-strength in SOZ electrodes in asleep and awake states. There is no significant difference between in-strength in asleep versus awake states. (f) The
relative modified out-strength in SOZ electrodes in asleep and awake states. The relative out-strength is significantly greater in the asleep state (p < 0.001). (g) The absolute
modified out-strength in non-SOZ electrodes in asleep and awake states. There is a modest, but statistically significant, increase in out-strength in the asleep state compared
to the awake state (p < 0.05). (h) The absolute modified in-strength for non-SOZ electrodes. There is a significant increase in in-strength among these electrodes in the asleep
state (p < 0.001). Along with the results in panel d, these results suggest that sleep promotes the coupling between SOZ and non-SOZ electrodes, and that, in the setting of this
coupling, SOZ electrodes act as the driver of IED activity. i) The relative modified out-strength for non-SOZ electrodes. The opposite effect to that in f is seen, in that the
relative out-strength is less (and thus the relative in-strength is greater) in the asleep state compared to the awake state (p < 0.001). Error bars indicate 95% confidence
interval.
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Next, we considered sleep-wake asymmetry in Type 1 commu-
nities, separated by electrode type. In Type 1 community SOZ elec-
trodes, sleep-wake asymmetry was significantly greater than zero
(t(48) = 6.64,p < 0.001, one-sample t-test). Notably, sleep-wake
asymmetry was also significantly greater than zero in Type 1 com-
munity non-SOZ electrodes (t(170) = 2.19,p < 0.05, one-sample t-
test). The positive sleep-wake asymmetry in these non-SOZ elec-
trodes is in sharp contrast with the negative sleep-wake asymme-
try seen in Type 2 electrodes, which are also virtually all non-SOZ.
The sleep-wake asymmetries in Type 1 community SOZ and non-
SOZ electrodes were also significantly different from each other
(0.29 + 0.31 versus 0.068 + 0.41;t(218) = 3.59,p < 0.001; Fig. 4b).

The similar state-related behavior observed in both SOZ and
non-SOZ electrodes within Type 1 communities suggests that IED
activity in these brain regions may arise from a similar underlying
pathophysiology. We therefore examined sleep-wake asymmetry
at the level of Type 1 and Type 2 communities and found a signif-
icant difference between sleep-wake asymmetry at the community
level (Cohen’s d =1.51;0.11 £ 0.2 in Type 1 communities versus
—0.15+0.14 in Type 2 communities; t(31) =4.35,p < 0.001;
Fig. 4c). We constructed a receiver operating characteristic (ROC)
curve with variable thresholds and found that the sleep-wake
asymmetry could accurately distinguish Type 1 from Type 2 clus-
ters (AUC 0.86, 95% CI 0.76-0.95), suggesting that IED behavior
and modulation by sleep tend to be more uniform at the level of
the community than at the level of the individual electrode.

To examine whether the coupling between SOZ and non-SOZ
electrodes is modulated by sleep compared to the awake state,
we then separately analyzed in-strengths and out-strengths for
SOZ and non-SOZ electrodes during either asleep or awake epochs.
SOZ electrodes had a greater out-strength in the asleep state than in
the awake state (0.019£0.027 versus 0.012+0.023;
t(48) = 3.76,p < 0.001, paired t-test), but no difference in in-
strength (0.0076 4 0.0065 asleep versus 0.0063 4 0.0066 awake;
t(48) = 1.49,p = 0.14, paired t-test; Fig. 4d, e). This resulted in a
significant sleep-wake difference in the relative out-strength of
SOZ electrodes (0.26 =0.41 asleep versus 0.067 & 0.5 awake;
t(48) = 3.47,p < 0.01, paired t-test; Fig. 4f). On the other hand,
non-SOZ electrodes exhibited both a greater out-strength during
sleep compared to the awake state (0.005 + 0.011 asleep versus
0.0035 + 0.0057 awake; t(170) = 2.47,p < 0.05, paired t-test) and
a greater in-strength (0.0124+0.02 versus 0.0061 +0.013;
t(170) = 3.96,p < 0.001, paired t-test; Fig. 4g, h). This also resulted
in a significant sleep-wake difference in the relative out-strength of
non-SOZ electrodes (—0.254 0.55 asleep versus 0.037 &+ 0.67
awake; t(170) = 4.76,p < 0.001, paired t-test; Fig. 4i). These results
suggest that transmission of pathological activity from SOZ to non-
SOZ electrodes over local epilepsy networks is heightened in the
asleep state.

Given the observed differences in strength between SOZ and
non-SOZ electrodes, and the observed modulation of IED activity
by physiologic state, we sought to use these features to determine
whether or not a given electrode lies within the SOZ. We therefore
used multiple linear regression to classify electrodes as
SOZ or non-SOZ, using in-strength, out-strength, relative out-
strength, and sleep-wake asymmetry as input parameters. For
the purposes of classification,we used all 727 electrodes, and not
just the 583 retained after permutation testing, since permutation
testing may unfairly retain those members of the electrode popu-
lation which are easy to classify. There was a significant effect
between these parameters and SOZ identity (F(5,721)=
18.1,p < 0.001,R* = 0.11). Examining the individual predictors
revealed that in-strength (t=2.94,p <0.01), relative out-
strength (t=3.02,p <0.01), and sleep-wake asymmetry
(t =7.24,p < 0.001) were significant predictors in the model. Area

under the receiver operating characteristic curve generated by the
linear model’s prediction was 0.78, suggesting that classification at
the level of individual electrodes is successful, although slightly
more difficult than distinguishing Type 1 and Type 2 communities.

3.4. Outcome after resection

We were interested in exploring the relationship between sur-
gical resection of the identified communities and post-surgical out-
come. Of the nine participants, only seven had a surgical resection
and sufficient follow-up to examine this question. We found that
patients obtaining seizure freedom (Engel class 1) had a signifi-
cantly greater percentage of electrodes resected compared to those
that had poorer seizure outcomes (31.54+10.5% versus
10.0 + 1.0%; t(5) = 3.43,p < 0.05). This is consistent with previous
research, which has linked increased extent of resection with
improved outcome (Awad et al., 1989; Nayel et al,, 1991). How-
ever, our findings may simply reflect an increased density of elec-
trodes overlying the area which was ultimately resected.

We hypothesized that the Type 1 community was the locus of
initiation and spread of pathological activity, and therefore that
resection of Type 1 community leads, in particular, may yield good
outcome. We found a greater proportion of Type 1 leads were
resected in participants who obtained seizure freedom compared
to those that did not (64.7 + 30.4% versus 21.0 & 11.3%), but these
differences were not statistically significant (t(3) = 1.86,p = .16).
This is likely related to the fact that, with only seven participants
who received resection, our data are underpowered to fully exam-
ine this effect. There was no significant difference in the proportion
of SOZ electrodes resected in participants obtaining seizure free-
dom compared to those that did not (70.54+47.8% versus
59.09 &+ 44.9%;t(5) = .32,p = .76), suggesting that if there were
any benefits that may arise from resecting Type 1 community elec-
trodes, they were not simply due to increased resection of SOZ
electrodes alone.

4. Discussion

Here we describe a novel, probabilistic approach for identifying
communities of functionally-coupled IED events within the irrita-
tive zone in patients with focal epilepsy. Within these communi-
ties, we explore the extent to which brain regions exhibiting IED
activity lead or are led by IEDs in other functionally-coupled areas.
We found that, in general, the SOZ showed a greater tendency to
lead IED activity than other brain regions to which it is coupled,
consistent with previous descriptions of propagation of abnormal
activity from the SOZ into relatively less pathologic surrounding
regions. We next examined how entrainment relationships within
communities change with physiologic state. We found increased
susceptibility to involvement in pathologic activity during sleep
in areas functionally coupled to the SOZ. This dynamic coupling
may help to explain the increased field of IEDs that has often been
observed during sleep.

For the purposes of presurgical planning, there is significant
interest in using interictal recordings to predict the brain regions
that will go on to generate seizures, since IEDs tend to be frequent
while clinical seizures may be quite rare. While by definition the
SOZ is involved in the initiation and subsequent propagation of sei-
zures, it is generally hypothesized to play a critical role in the gen-
eration of interictal activity as well. Although the irritative zone
usually overlaps with the SOZ, it is often much Ilarger
(Bartolomei et al., 2016), creating the desire to stratify the relative
degree of epileptogenicity within the irritative zone, in order to
identify those regions most likely to be involved in the generation
of clinical seizures (Bartolomei et al., 2016; Luders et al., 2006).
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This has not been straightforward, as studies attempting to identify
the SOZ using single electrode attributes such as highest IED rates
or highest amplitudes have met with only modest success (Asano
et al., 2003; Hufnagel et al., 2000; Marsh et al., 2010; Goncharova
et al., 2013; Bartolomei et al., 2016). Additionally, although resec-
tion of tissue demonstrating frequent IEDs in addition to the SOZ
correlates with improved post-operative seizure control in some
studies (Paolicchi et al., 2000; Krsek et al., 2009), other studies sug-
gest that the removal of all areas generating IEDs is often not
required to achieve seizure freedom postoperatively (Wyllie
et al., 1987).

An alternate approach toward understanding the relationship
between the irritative and seizure onset zones is to consider the
interactions within these brain regions. Using our algorithmic
community detection procedure, we found that the irritative zone
was in fact heterogeneous and dynamic. As previously described
and as often seen clinically, we found that in a given patient the
irritative zone may be composed of independent subnetworks or
communities, which may be located in different lobes or even
hemispheres (Hufnagel et al., 2000). In addition, we found variable
conditional probabilities of IED co-occurrence between electrode
pairs within each community, consistent with the well-described
variability between individual IEDs due to differences in propaga-
tion and field spread (de Curtis and Avanzini, 2001; Sabolek et al.,
2012; Janca et al., 2018; Alarcon et al., 1994).

Although activity within an IED community is variable, the SOZ
is still presumed to play a critical role in generating IEDs (de Curtis
and Avanzini, 2001). Previous studies have found consistently ele-
vated functional or effective connectivity within epileptogenic
regions using a variety of measures, even in the interictal state
(Varotto et al., 2012; Wilke et al., 2010; Korzeniewska et al.,
2014; Lambert et al., 2018). Graph theoretic approaches have sim-
ilarly found that epileptogenic regions tend to serve as hubs, play-
ing an important role in interictal activity as well as seizure onset
and propagation (Morgan and Soltesz, 2008; Wilke et al., 2011;
Varotto et al., 2012; Korzeniewska et al., 2014; Chiang and
Haneef, 2014).

We sought to further describe the role of the SOZ in the initia-
tion and propagation of interictal activity within our communities
by examining the conditional probabilities of IED activity across
electrodes. By definition, the electrodes we identified as having
the largest absolute out-strength tended to lead IED activity in
the remaining electrodes within the community. In our data, the
SOZ electrodes had greater absolute and relative out-strength than
non-SOZ electrodes. Previous studies of propagation patterns
within IED communities have similarly shown that leading elec-
trodes tended to be localized within the SOZ (Hufnagel et al.,
2000; Asano et al., 2003; Alarcon et al., 1997). Variability in prop-
agation patterns, particularly in the identity of the leading elec-
trode within an IED community, have limited these approaches,
while probabilistic methods such as ours explicitly take this vari-
ability into account. Other studies using similar approaches have
also found that outflow measures appear to be more sensitive than
inflow measures for identifying the SOZ (Varotto et al., 2012; Wilke
etal, 2011; Jung et al., 2011), and nodes with the highest values of
out-degree and betweenness centrality tend to be located within
epileptogenic lesions or the SOZ (Varotto et al., 2012; Wilke
et al., 2011; Van Mierlo et al., 2011).

As state variability is characteristic of IEDs, we used our proba-
bilistic framework to investigate the state-dependent dynamics of
the coupling within our communities. Numerous studies have
described modulation of IED activity by state of arousal, with
increased frequency and spatial extent of [EDs during NREM sleep
(Sammaritano et al., 1991; Steriade et al., 1994; Malow et al., 1999;
Varotto et al.,, 2012; Janca et al., 2018; Clemens et al., 2005;

Lambert et al., 2018), possibly due to the increased temporal and
spatial synchronization that occurs during this state (Staba et al.,
2002; Le Van et al., 2016; Clemens et al., 2005; Francione et al.,
2003; Lambert et al., 2018). We found increased IED rates during
sleep in the SOZ, and a similar sleep-wake asymmetry in the
non-SOZ areas that are functionally coupled to the SOZ. The oppo-
site sleep-wake asymmetry was seen in Type 2 community elec-
trodes, which may partly explain the mixed results previously
reported in the literature regarding IED state variability. Indeed,
the difference in behavior between non-SOZ electrodes in Type 1
communities and non-SOZ electrodes in Type 2 communities
may be due to the fact that non-SOZ electrodes in Type 1 commu-
nities are functionally-coupled to the SOZ; the SOZ electrodes in
these communities may be the primary drivers of increased IED
activity in the asleep state. This hypothesis maps very closely onto
previous work, which found a gradated effect of sleep on IED rate
given the relationship to the SOZ (greatest sleep-wake difference
in SOZ; intermediate in propagation zone; and least in non-
involved regions (Lambert et al., 2018)).

Evaluation of the sleep-wake asymmetry of IED rates at the
community level revealed a substantial difference between Type
1 and Type 2 communities, in fact allowing for robust classification
of community type. We found an increase in out-strength in SOZ
electrodes during sleep, as well as an increase in the in-strength
in non-SOZ electrodes in Type 1 communities. These findings pro-
vide evidence that sleep drives the initiation and propagation of
pathologic activity in neighboring brain regions, and are consistent
with the increased field spread of IED activity during sleep that has
been reported previously (Sammaritano et al., 1991; Malow et al.,
1999; Emerson et al, 1995). Seizures and IEDs may be co-
modulated by similar factors operating at multiple time scales,
including the sleep-wake cycle, as well as metabolic, genetic, hor-
monal, environmental, and brain circuit influences (Karoly et al.,
2016; Baud et al., 2018; Jirsa et al., 2014; Lambert et al., 2018).
Variability in IED rates may therefore be useful as a biomarker of
disease activity or seizure susceptibility.

The gold standard for establishment of the location of the
epileptogenic zone, as opposed to the observed seizure onset zone,
remains seizure freedom following surgery (Luders et al., 2006).
Although not significant in this small group of patients, we did note
a trend toward improved seizure outcome with the resection of
brain regions encompassing Type 1 communities. However, in
order to establish the clinical applicability of our findings with
respect to identification of the epileptogenic zone, further study
is required. This should involve a larger patient cohort, including
seizure free and not seizure free patients.

In this work, we describe an automated probabilistic algorithm
for detecting communities of interictal epileptiform activity, as
well as a graph-theoretical approach to investigating the dynam-
ics within these communities. Together, our data provide evi-
dence for the presence of small networks within the irritative
zone, with core foci that propagate epileptiform activity to less
pathological but nonetheless coupled brain regions. In the net-
works that go on to generate seizures, this propagation into sur-
rounding tissue appears to be facilitated by sleep, consistent with
other work describing increased rate and field extension of IEDs
during sleep. State related variability in IED rates among these
communities provided a robust metric for distinguishing commu-
nities containing the SOZ from those that did not. Automated
detection of IED communities, as well as evaluation of state-
dependent functional coupling and entrainment of pathological
activity with these communities, may represent a powerful tool
for the improvement of our understanding of the spatial and tem-
poral variability that are hallmarks of both interictal and ictal
activity in epilepsy.
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Data for reference

Data and procedure for accurate soil sampling as mentioned in this
study can be found at https://neuroscience.nih.gov/ninds/za-
ghloul/downloads.html.
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