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Early diagnosis and treatment are critical for young children with infantile
spasms (IS), as this maximizes the possibility of the best possible child-specific
outcome. However, there are major barriers to achieving this, including high
rates of misdiagnosis or failure to recognize the seizures, medication failure,
and relapse. There are currently no validated tools to aid clinicians in assessing
objective diagnostic criteria, predicting or measuring medication response, or
predicting the likelihood of relapse. However, the pivotal role of EEG in the
clinical management of IS has prompted many recent studies of potential
EEG biomarkers of the disease. These include both visual EEG biomarkers
based on human visual interpretation of the EEG and computational EEG
biomarkers in which computers calculate quantitative features of the EEG.
Here, we review the literature on both types of biomarkers, organized
based on the application (diagnosis, treatment response, prediction, etc.).
Visual biomarkers include the assessment of hypsarrhythmia, epileptiform
discharges, fast oscillations, and the Burden of AmplitudeS and Epileptiform
Discharges (BASED) score. Computational markers include EEG amplitude and
power spectrum, entropy, functional connectivity, high frequency oscillations
(HFOs), long-range temporal correlations, and phase-amplitude coupling. We
also introduce each of the computational measures and provide representative
examples. Finally, we highlight remaining gaps in the literature, describe
practical guidelines for future biomarker discovery and validation studies, and
discuss remaining roadblocks to clinical implementation, with the goal of
facilitating future work in this critical area.
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epilepsy, functional connectivity, entropy, hypsarrhythmia, high frequency oscillation
(HFO), long-range temporal correlation (LRTC), Detrended Fluctuation Analysis (DFA),
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TABLE 1 Compared to all pediatric epilepsies, infantile epileptic
spasms syndrome is rare, but it has high rates of refractory seizures,
developmental delay, mortality, and treatment costs.

Incidence
Refractory seizures

Development. delay

Infantile spasms

2-5/10,000 (1)
64% (4)
88% (6), (7)

All pediatric epilepsy

50-100/10,000 (3)
33% (5)
51% (8)

Mortality 13% before age 2, (7) 2-12 per 1,000
10% before age 3 (4) person-years (10), (11)
9% before age 9 (9)

Cost >$200Kk, first 12 months $2-5 k/year (13)

(12)

Introduction

Infantile spasms (IS) is a seizure type typified by brief
muscle contractions, often occurring in clusters, with the peak
incidence at 4-7 months of age (1). Recently, the syndrome
associated with IS has been re-named “infantile epileptic
spasms syndrome” (IESS) by the International League Against
Epilepsy (2). While IESS represents only a fraction of all
pediatric epilepsies, the consequences of the disease are among
the most severe (Table 1). IESS is associated with high rates
of mortality and morbidity, lifelong refractory seizures, and
extraordinary health care costs. In children with IESS, the
ongoing epileptic activity contributes to severe cognitive and
behavioral disabilities associated with a progressive cognitive
decline (14, 15). IS was strongly associated with a developmental
and epileptic encephalopathy called West syndrome - classically
defined as the combination of IS, developmental slowing
or regression, and an electroencephalography (EEG) pattern
known as hypsarrhythmia (16). 50-70% of children with IS will
exhibit other seizure types and 18-50% will later develop Lennox
Gastaut Syndrome (17).

One major challenge in achieving good outcomes for
children with IS is the need for early diagnosis and treatment.
A short lag time between IS onset and treatment is a favorable
prognostic factor, with delays as short as a few weeks being
detrimental (18). Moreover, the risk of developmental delay
increases when the characteristic EEG findings associated with
IS are present for longer than 3 weeks (19). Unfortunately,
effective treatment can be delayed by failed recognition and
misdiagnosis (20). In 38% of IS cases, proper diagnosis is not
given at the first physician visit (21); most commonly, no
specific diagnosis is given, or the child is misdiagnosed with
gastroesophageal reflux (20, 21). Approximately 30% of children
are diagnosed more than 1 week after IS onset, partially due to
poor awareness of IS among healthcare providers (22).

Outcomes in IESS are also negatively affected by medication
failure and IS relapse. A positive, short-term treatment
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response is defined by the cessation of IS and resolution of
hypsarrhythmia when present (23). Roughly 40-45% of children
will not respond to an initial standard therapy (6, 24), defined
as ACTH, prednisolone, or vigabatrin (24). Of those that do
initially respond, 20-33% will have a relapse of IS (24, 25). In the
case of ACTH therapy, the time to relapse can be anywhere from
5 days to 25 months after the completion of treatment (26, 27).
To date, there are no methods for robustly predicting long-term,
sustained response or relapse.

Given these major challenges, tools to assess objective
diagnostic criteria, predict initial medication response, and
measure the likelihood of relapse would help clinicians make
critical management decisions. Given the importance of the
EEG evaluation in the diagnosis and treatment of IS, such as
the identification of hypsarrhythmia, the development of EEG
biomarkers has been a promising avenue of research to address
this need. Here, we review the current state-of-the-art in EEG
biomarkers for IS, which generally fall into two categories: (1)
Visual EEG biomarkers, which are based on human identification
and characterization of EEG signal patterns and features, and
(2) Computational EEG biomarkers, in which computers are
used to calculate quantitative features of the EEG, such as
power, symmetry, and functional connectivity networks. Both
categories are discussed, with each section organized based
on the biomarker application (diagnosis, treatment response,
prediction, etc.). This highlights the potential value of such
biomarkers and the current state of the field, as well as
identifying key areas where additional research is needed.

Visual inspection
Diagnosis

Clinically, the diagnosis of IS relies on the clinical history,
with the use of home-video of typical events being particularly
helpful, and EEG inspection to look for evidence to support the
diagnosis of epileptic encephalopathy (22, 28). Hypsarrhythmia
is defined as high-voltage, asynchronous slow waves associated
with focal or multifocal spikes that can vary in duration
and location (15, 27). This section aims to highlight visual
inspection-based studies that present alternatives to traditional
diagnosis methods.

Hypsarrhythmia

While the presence of hypsarrhythmia on the EEG was
historically perceived to be important for the diagnosis of West
syndrome, many children with new onset IS will not have this
classic pattern. Indeed, not long after the term “hypsarythmia”
was coined by Gibbs and Gibbs (16), several authors noted the
absence of this pattern in many children with IS (29). Multiple
contemporary single center cohorts have confirmed that only
about 60% of children presenting with IS have hypsarrhythmia
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FIGURE 1

Clinical application of the 2021 Burden of AmplitudeS and Epileptiform Discharges (BASED) score. A 4-month-old infant born at 39 weeks

gestational age, with known developmental delay due to hypoxic ischemic encephalopathy, presented with new onset infantile spasms (IS).
Onset of IS to treatment initiation was 1 day. (A) Day 0 (diagnosis and treatment), just <50% of 1 s (s) bins within a 5-min (m
included at least one spike and there were grouped multifocal spikes (GMFS, arrows) as well as paroxysmal voltage attenuations (PVA,

) epoch of sleep

arrowheads). The presence of either GMFS or PVA indicated a BASED score of 4 (EEG findings to suggest a probable epileptic encephalopathy
[EE]). (B) Day 14, IS and PVA resolved with high-dose prednisolone, with a subjective reduction in the burden of spikes. However, because of
persistent GMFS (now less well-formed), the BASED score remained 4. At this point, there was no electrographic remission (pretreatment scores
of 4 or 5 must improve to a 3 or less for remission). With the resolution of IS and subjective improvement on the EEG, the treating clinician did
not pursue additional treatment at that time (despite the lack of electrographic remission by BASED score criteria). (C) Day 36, still no IS but the
EEG showed a higher burden of spikes, now with >50% of 1-s bins having at least one spike in a 5-m epoch of sleep, indicating a BASED score
of 5 (EEG findings to suggest a definite EE). Better formed GMFS (arrows) were present. Notice that the background wave amplitude assessment
is not reliable when the burden of spikes is >50%. High-dose adrenocorticotropic hormone (ACTH) was started at that time. (D) Day 51, all
spikes resolved with ACTH. The background was slow and disorganized indicating a BASED score of 1 (Any definite non-epileptiform
abnormality). This score, with the persistent remission of IS, indicated electro clinical remission. Longitudinal bipolar montage, Sensitivity 10

mv/mm, LFF 1 Hz, HFF 70 Hz, 155 per page. D, days; NA, not applicable; Pred, high-dose prednisolone.

(30, 31). In addition, despite readers’ high confidence in
their assessment, the determination of hypsarrhythmia has
poor inter-rater reliability (IRR) (32). These shortcomings of
hypsarrhythmia highlight the need for a quantifiable, reliable,
and unbiased method of interictal EEG analysis for children
with IS.

BASED score

The Burden of AmplitudeS and Epileptiform Discharges
(BASED) score, initially reported in 2015 (33) and revised
in 2021 (34), is an interictal EEG grading scale for children
with IS. This scoring method is centered on the assessment
of background wave amplitude and the overall burden of
epileptiform discharges (spikes). Important features of the
score include grouped multifocal spikes, paroxysmal voltage
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attenuations, and percentage of 1-s bins that include at least
one spike in 5min of sleep (Figure 1). The scale ranges from
0 (normal) to 5 (most epileptic) (Table 2). All elements of the
BASED score have moderate to high levels of IRR and have high
correlation with the presence or absence of IS (34). The latter
finding suggests that the assessment of BASED score elements
are useful for the identification and diagnosis of children with
IS. Seeing these interictal features in an infant should prompt
the EEG reader to carefully review the EEG for IS, extending
the study if needed. In addition, when there is interictal EEG
evidence to suggest an epileptic encephalopathy by BASED
score criteria, the diagnosis of IS can be made if there are
typical clustering events by either caregivers report or home-
video (34). This approach allows for a diagnosis without the
need to capture the ictal manifestation of IS using an extended
video-EEG.
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TABLE 2 Description of BASED scores using the 2021 criteria.

2021 BASED Score Description

0 Normal

1 Any definite non-epileptiform abnormality

2 <3 spike foci AND no channel with abnormal
high amplitude

3 >3 spike foci <50% of one second bins AND no

channel with abnormal high amplitude, OR <3

spike foci but >1 channel with

abnormal high-amplitude
4 (Probable EE) >3 spike foci <50% of one second bins AND >1
channel with abnormal high amplitude, OR Not
meeting criteria for 5 but includes GMFS or
paroxysmal voltage attenuations

5 (Definite EE) >3 spike foci that are >50% of one second bins

BASED: Burden of AmplitudeS and Epileptiform Discharges, GMFS: grouped multifocal
spikes, EE: epileptic encephalopathy. Apply score 3-5 to the most epileptic 5-minute
epoch of sleep; if no score reached, apply score 0-2 to the remainder of the study.
Adapted from Mytinger et al. (34). See this reference for complete BASED score rules
and definitions.

Fast oscillations

One study visually analyzed paroxysmal fast activity (PFA)
as a candidate EEG biomarker of epilepsy (35). PFA consisted of
transient EEG events in the beta or gamma frequency bands with
a duration ranging from 200 ms to 8s, typically occurring from
1 to >100 times in a 20-min interictal non-REM sleep epoch.
This marker had low sensitivity, as PFA was found in only 28%
of children with seizures; however, when present, it identified
children with epilepsy with a 97% accuracy. In that study, 11 out
of 13 children with IS exhibited PFA.

Treatment response

Treatment response is classified as a binary all-or-
none outcome, with the goal of treatment being electro
clinical remission, i.e., the complete resolution of clinical
IS and lack of any EEG findings to suggest an ongoing
epileptic encephalopathy (23). The historical standard for
the determination of electrographic remission has been the
resolution of hypsarrhythmia. However, for the significant
number of children without hypsarrhythmia on presentation,
this methodology is inadequate (28). The 2021 BASED score
provides an alternative method for the assessment of remission
in children with IS.

BASED score
In a retrospective consecutive sample EEG study, the post-
treatment BASED score (measured at a median of about 1
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month following treatment) correlated well-with the presence
or absence of IS. In that study, electrographic remission was
defined as pretreatment scores of 4 (EEG findings to suggest
a probable EE) or 5 (EEG findings to suggest a definite EE)
improving to <3, and pretreatment scores of 3 improving to
<2 (34).

Outcome prediction

Currently, there are no clinically validated tools to

predict the long-term response to treatment or the
relapse of IS. However, the following studies evaluated
candidate  predictive = biomarkers based on  visual
EEG analysis.

EEG patterns

As noted, hypsarrhythmia is the classic EEG pattern
associated with IS. It was hypothesized that hypsarrhythmia may
disturb physiological EEG patterns such as sleep spindles, which
are thought to positively impact childhood development (36).
Despite this, no correlation was found between the cessation
of hypsarrhythmia or recurrence of sleep spindles with long-
term outcomes in children with an unknown etiology and
normal development prior to IS onset (34, 36). Furthermore,
symmetric sleep spindles did not distinguish pretreatment
and post-treatment studies in children with IS (34). In
fact, a majority (about 55%) of children with new onset IS
had symmetric sleep spindles at diagnosis, suggesting that
this sleep finding is a robust thalamocortical projection that
may not be useful in the EEG evaluation of children with
IS (34).

In a prospective observational study, the presence of
hypsarrhythmia on the diagnostic EEG did not predict the
response to treatment. In this study, treatment with standard
therapy had the greatest impact on the likelihood of treatment
response (24, 37-39). Children with IS who did not have
hypsarrhythmia on the diagnostic EEG were less likely to receive
standard therapy and thus were less likely to achieve remission
(39). Other studies showed that children with epileptiform
discharges on EEG after successful ACTH therapy had a higher
probability of relapse than those with normalized EEGs, with
a relapse occurring an average of 6.6 months after completing
therapy (25, 27). However, even with optimal treatment, it
may not be possible to normalize the EEG for many children
with IS.

BASED score

One study suggested that the BASED score can predict
relapse after an initial response with ACTH therapy. Children
with positive treatment outcomes and a BASED score >3 (which
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may indicate that the epileptiform activity was not sufficiently
and effectively controlled) had a higher risk of relapse within 1
year (26).

Computational analysis
Diagnosis

Many computational analysis techniques have been applied
to EEG data with the goal of objectively identifying children
with IS. Here we discuss each study in detail; they are also
summarized in Table 3, along with studies of computational EEG
biomarkers for assessment of treatment response and prediction
of response and relapse.

Amplitude and spectral power

Amplitude is the voltage range of an EEG signal, most
commonly measured from broadband data that has been filtered
in a similar manner as clinical EEG studies (e.g., 1-70 Hz).
Spectral power is related to the magnitude of the EEG in distinct
frequencies or frequency bands, which can be obtained by
decomposing the signal using a technique such as the Fourier
transform. During interictal periods, children with IS had
significantly higher EEG amplitude and higher spectral power
in all standard frequency bands compared to healthy controls
(40-42). Two studies suggested that this may have been specific
to EEG with hypsarrhythmia (40, 42). However, one study of 40
children with IS, of whom about two-thirds had refractory IS and
only eight had hypsarrhythmia, found significantly higher EEG
amplitude and power compared to approximately age-matched
healthy controls (41). This feature of the EEG was present during
both wakefulness and sleep (41).

Entropy

Entropy is a measure of the predictability of EEG data,
with higher levels of uncertainty being associated with higher
entropy. Shannon entropy is calculated using a histogram of
EEG voltages during a specified window of time, and therefore
all information about the temporal ordering of the data points is
removed (Figure 2). In contrast, permutation entropy measures
the relative occurrence of short patterns of data points, e.g.,
a set of three EEG data points can be categorized into one
of six different sequences, depending on their relative values.
If all sequences are equally likely to occur, indicating high
uncertainty, the permutation entropy is high. In one study of
children with IS, the EEG had lower Shannon entropy in the
theta, alpha, and beta bands during sleep compared to healthy
controls; compared to sleep, the results during wakefulness
were more varied, with children with IS demonstrating higher
entropy in the delta band, but lower entropy in the alpha
band (41). The permutation entropy was also generally lower in
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infants with IS, particularly in the delta and theta bands during
wakefulness and the delta and beta bands during sleep (41).
Another entropy measure, called multiscale entropy, suggested
that the total EEG complexity in IS patients was significantly
lower than in healthy children (44).

Functional connectivity networks

Measurements of functional connectivity assess statistical
relationships between EEG signals recorded from two or more
spatial locations, with the goal of estimating an underlying
functional connectivity network (FCN) (61). In the case of
bivariate functional connectivity, these relationships are assessed
independently between pairs of EEG electrodes. There are many
techniques for measuring functional connectivity, and they can
be broadly categorized based on whether they are sensitive to
linear and/or non-linear interactions in the data (Figure 3).

Cross-correlation and coherence are linear, bivariate
functional connectivity measurements that have been applied
to IS. Cross-correlation measures the correlation between two
signals as they are shifted in time relative to one another;
when used to measure connectivity, the correlation with no
time shift (also called zero time lag) can be excluded, as such
synchronous signals with high correlation may be the result
of volume conduction, rather than true connectivity (62).
Significant correlations at non-zero lags, typically measured up
to a maximum lag of 200 ms, are thought to indicate related
signals shifted in time due to trans-synaptic connectivity.
This technique is typically applied to a broadband EEG
signal. In multiple studies, children with IS exhibited stronger
cross-correlation FCNs compared with healthy controls
(41, 45, 46). This held true when the FCNs were measured in
both wakefulness and sleep; however, FCNs measured during
sleep had stronger connections than those measured during
wakefulness, for both children with IS and healthy controls
(41, 63). These cross-correlation networks were found to
be individualized, rather than stereotyped within a subject
group, (64), and they had high test-retest reliability, with
stable networks produced from as little as 150s of EEG data
(45, 46, 63).

In contrast to cross-correlation, coherence (which is closely
related to magnitude-squared coherence) is typically applied to
EEG data that have been filtered within a narrow frequency
band, and it is therefore a frequency-specific measurement
of functional connectivity. Coherence is sensitive to both the
EEG power and the phase difference between the two signals,
with high coherence occurring when the two signals exhibit
a consistent phase difference during periods of high power.
During sleep, children with IS and hypsarrhythmia exhibited
higher coherence than controls in the delta, theta, alpha, and
beta frequency bands, particularly for long-distance connections
(42). Short-range connections in the frontal lobe were weaker
than controls in the theta and beta frequency bands (42).
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TABLE 3 Summary of all studies of computational EEG biomarkers related to IESS.

10.3389/fneur.2022.960454

Biomarker type Aim Comparison population Accuracy measure Refs.
Amplitude Diagnosis Healthy children Statistical test (40, 41)
Spectral power Diagnosis Healthy children Statistical test, except in (40-42)
(42)
Assess treatment response Responders vs. non-responders Statistical test (43)
Entropy Diagnosis Healthy children Statistical test (41, 44)
Assess treatment response Responders vs. non-responders; healthy Statistical test (44)
children
Predict response Responders vs. non-responders Statistical test (44)
Functional connectivity Diagnosis Healthy children Statistical test (41, 42, 45, 46)
Drug-resistant focal epilepsies Statistical test (47, 48)
Children with TSC who did not Statistical test (49)
progress to IESS
Assess treatment response Responders vs. non-responders; healthy Statistical test (43, 46)
children in ref (46)
Predict response and relapse Responders vs. non-responders; healthy Statistical test; AUC (46)
children
Sustained response vs. relapse Statistical test (43)
Fast oscillations and high Diagnosis Healthy children Statistical test (50-53)
frequency oscillations Compared fast oscillations associated vs. Statistical test (54)
unassociated with epileptiform
discharges
Ohtahara syndrome None (55)
Assess treatment response Pre-treatment vs. post-treatment; Statistical test (56)
seizure free vs. not seizure free
Pre-treatment vs post-treatment; most Statistical test (50-54)
include comparison to healthy children
Predict response and relapse Sustained response vs. relapse Statistical test (56)
Responders vs. non-responders Statistical test (51,57)
Long-range temporal Diagnosis Healthy children Statistical test (41, 58)
correlations Assess treatment response Responders vs. non-responders; healthy Statistical test (58,59)
children
Phase-amplitude Diagnosis Healthy children Statistical test; AUC in (53, 60)
coupling (60)
Focal epilepsy; also affected vs. Statistical test (48)
unaffected hemispheres in both groups
Assess treatment response Responders vs. non-responders Statistical test (57)
Combination of multiple Diagnosis Healthy children Cross-validation, (41, 53)
metrics sensitivity, speciﬁcity,
AUC
Predict response and relapse Sustained responders, non-responders, Statistical test (43)

response with relapse

In another study, source localization was applied to the EEG
of children with IS and hypsarrhythmia, and coherence was
calculated between a reference source and the rest of the brain
(47). In all children, the reference region, defined as the source
with the highest delta power, was located in the occipital cortex,
and significant coherence was found with both cortical and
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putamen and cerebral cortex (47).

subcortical regions. Then results from a linear, directed measure
of connectivity called renormalized partial directed coherence
(65) suggested that the brainstem was driving the activity in the

Non-linear connectivity metrics can uncover more complex
relationships between pairs of EEG signals, and some metrics are
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of SE.

Examples of Shannon entropy (SE). (A) The SE of white noise is high, as all values occur with equal probability. (B) The SE of a sine wave is almost
as high as white noise, despite the drastically different visual appearance. The SE is calculated based only on the signal's histogram, and both a

sine wave and white noise have fairly flat histograms, with almost equal probability for all values. (C) Normally-distributed noise has lower SE, as
it is more likely to have values near zero. (D) Normally-distributed noise with outliers has even lower SE, as the probability of having values near
zero is increased, relative to the range of possible values. (E) Noise with a 1/f power spectrum, similar to EEG, generally has relatively high values
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sensitive to both linear and non-linear interactions (Figure 3).
Mutual information measures the shared information between
two signals and is equal to the entropy of signal one, plus
the entropy of signal two, minus the joint entropy. Linear
and/or non-linear relationships between signals can result
in a high value of mutual information. Mutual information
values were found to be higher in infants with tuberous
sclerosis complex (TSC) that would later go on to develop
IS, in comparison to those with TSC that did not develop
IS (49). This appeared to be a relatively global change,
occurring between most EEG channel pairs and in all

frequency bands.
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While the mutual information is a function only of the
distribution of EEG values, which ignores the temporal ordering
of the data points, many non-linear functional connectivity
measures rely on measurements of relative phase as a function
of time. Mean phase coherence measures the variance of the
phase difference between two signals during a window of time;
a tightly clustered distribution of phase differences, indicating a
consistent phase difference over time, will result in a high value.
This metric is not a function of the EEG amplitude or power.
A study of three infants exhibiting IS and hypsarrhythmia
found that hypsarrhythmia was associated with higher mean
phase coherence than ictal electrodecremental events, contrary
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Linear vs. non-linear connectivity measures. (A) EEG signals recorded concurrently from two electrodes, F3 and Fz, are shown on the left. In the

panel on the right, each data point represents one time point from the EEG signals, with the value of F3 on the horizontal axis, and the value of

Fz on the vertical axis. In this case, the signals exhibit a linear relationship and thus have high values of both correlation and mutual information

(MI). Recall that correlation is sensitive only to linear relationships, while Ml is sensitive to both linear and non-linear interactions. (B) When the

two EEG signals are unrelated, no trend can be seen in the right panel, and the values of correlation and Ml are low. (C) When the relationship

between the signals is non-linear, the Ml is high, while the correlation is low. (D) A second example of a non-linear relationship, with medium

correlation and M|

to the notion of hypsarrhythmia as a “chaotic” pattern (66).
The phase lag index is also calculated using the phase difference
between two signals, with the highest values occurring when the
phase differences are either consistently positive or consistently
negative. Signals with a distribution of phase differences
centered around zero have a low phase lag index; this reduces
the impact of volume conduction and common sources on the
connectivity measurement. The phase lag index also revealed
significantly stronger connectivity in children with IS, compared
to healthy controls, in the delta band in both wakefulness
and sleep (41). Lastly, the synchronization likelihood is a non-
linear measure of functional connectivity that can be calculated
at each point in time to quantify the dynamics of coupling
between two channels. It is sensitive to both linear and non-
linear interdependencies. This method relies on “embedding”
each EEG time series in a higher dimensional state prior to
comparing the activity in two independent channels, which
means that high synchronization likelihood can occur even if the
two EEG time series do not have a similar visual appearance (67).
In children with IS and hypsarrhythmia secondary to perinatal
arterial ischemic stroke, synchronization likelihood suggested
stronger interhemispheric connectivity, as well as stronger intra-
hemispheric connectivity in the affected hemisphere (48). This
high connectivity was found in almost all frequency bands
(ranging from 0.5Hz to 70Hz), and the authors speculated
that this was related to the generation and modulation of
hypsarrhythmia (48).
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Fast oscillations and high frequency oscillations

Many studies over the past two decades have demonstrated
a link between epilepsy and the occurrence of HFOs in EEG
(68). These transient, electrographic events are typically defined
as four or more oscillations at a high frequency (>80 Hz) that
are distinct from the background (Figure 4). While the precise
frequency ranges vary from study to study, HFOs are often
categorized as ripples (80-250Hz) and fast ripples (250-500 Hz).
The term fast oscillation (FO) can refer to ripples or oscillations
in the gamma (40-80Hz) frequency band (50, 55). Both HFOs
and FOs, measured with scalp EEG, have shown promise as
biomarkers for the diagnosis of IS. While fully automated
detection of HFOs and FOs is becoming more prevalent (69),
most studies that rely on visual detection of high frequency
events also incorporate computational techniques such as time-
frequency analysis or quantitative analysis of event features.
Therefore, we discuss all such studies here, regardless of their
specific method for event detection.

During ictal periods, scalp EEG measurements have been
used to demonstrate the occurrence of high frequency events in
the beta (70), gamma (70-74), and ripple frequency bands (74).
At the onset of spasms, focal beta and gamma activity were found
to occur prior to motor symptoms; the majority of cases showed
this increase in EEG power beginning in a single hemisphere,
despite the fact that the EEG was often visually symmetric
(70). In a separate study of four children, ictal ripple locations
were concordant with lesions identified via neuroimaging (72).
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Temporally, gamma and ripple events were found to occur most
frequently near the trough point of the ictal slow wave (74).

Many studies have documented the occurrence of scalp
HFOs and FOs during interictal periods, as well. These were
most frequently studied using slow-wave sleep EEG, with
detection of events in the gamma and ripple frequency bands
(50, 51, 54, 55), the ripple band (52), or the ripple and fast ripple
bands (53). Scalp HFOs and FOs occurred more frequently
in children with IS than in healthy controls (50, 52, 53) and
more frequently during sleep than wakefulness in IS (52). The
energy of gamma band events during sleep was also found to be
higher in children with IS than healthy controls (51). Spatially,
one study of IS reported that ripple rates were significantly
higher than controls in the posterior parasagittal region and
significantly lower in the frontal region (52), but a second study
found the highest rates of gamma, ripple, and fast ripple events
in the temporal and frontal lobes of children with IS (51).

Long-range temporal correlations
Healthy human EEG, with its 1/f power spectrum, has
a scale-free structure. This is conceptually similar to a
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fractal; no single time scale can be used to accurately
characterize the dynamics present in EEG (75). Such systems
also characteristically exhibit long-range temporal correlations,
referring to the idea that the EEG amplitude fluctuations
happening now are correlated to those happening in the
future, at longer timescales than would be expected. Detrended
Fluctuation Analysis (DFA) is one method for quantifying long-
range temporal correlations, and thus the scaling behavior
of a system (76) (Figure5). This analysis results in two
metrics that can be used for analysis: the DFA exponent (the
slope of the line), and the DFA intercept (the intercept of
the line with the vertical axis) (Figure 5C). In all frequency
bands, children with IS and hypsarrhythmia exhibited lower
DFA exponent values than healthy controls, indicating weaker
long-range temporal correlations (58). In that study, children
with IS but not hypsarrhythmia had DFA exponents that
were not statistically different from controls. A separate
study of 40 infants with IS (only eight of whom had
hypsarrhythmia) also reported no difference in DFA exponent
between cases and control subjects in most frequency bands
during wakefulness and sleep (41). However, IESS was
associated with higher DFA intercept values, compared to
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Detrended fluctuation analysis. (A) To start, the broadband EEG signal (top panel) is bandpass filtered (black line, middle panel), and the
amplitude envelope is determined (red line). Then the cumulative sum of the amplitude envelope is calculated (bottom panel). The remaining
calculations use this cumulative sum. (B) The cumulative sum is divided into windows of a fixed length; typically, these windows overlap by 50%,
but no overlap is shown in this figure for clarity. Within each window, a linear trend is fit to the data (red line). Then, for each window, the linear
trend is subtracted, and the standard deviation of the residual is calculated (gray dashed line). This process is repeated for windows of varying
lengths. Here, we show examples of 5-s and 1-s windows. (C) For each window length, the mean standard deviation across all windows is
calculated. This is plotted on a logarithmic scale vs. the window length. For EEG data, this will typically result in data points with a linear
relationship. A linear trend line is fit to the data points on this graph; the slope of the line is the DFA exponent, and its intersection with the

controls, in almost all frequency bands during wakefulness
and sleep.

Phase-amplitude coupling

Phase-amplitude coupling refers to a consistent relationship
between the phase in one frequency band and the amplitude
of a second (usually higher) frequency band, often within
the same EEG channel (Figure6). In IS, phase-amplitude
coupling was assessed between the phase of the delta
frequency band and the amplitude of the gamma frequency
band using a metric called the modulation index. Children
with active spasms had higher modulation index values
based on the phase in 3-4 and 0.5-1Hz bands and the
amplitude in the HFO frequency band (80-500 Hz), compared
to normal children who underwent overnight evaluation
for suspected spasms (53). Then an automated process for
EEG cleaning, preprocessing, and calculation of delta-gamma
phase-amplitude coupling was developed and applied to 40
children with IS and 20 healthy controls (60). In that study,
classification of cases and controls based on modulation
index had an area under the curve (AUC) of 0.98 when
using sleep EEG and an AUC of 0.85 during wakefulness. A
separate study found that delta-gamma modulation index was
significantly higher in the affected hemisphere for children
with West Syndrome secondary to perinatal arterial ischemic
stroke (48).

Frontiersin Neurology

10

Classification using combined metrics

A logistic regression model was developed to classify
children with and without active spasms using features based
on HFO rate, the modulation index, and the presence of
hypsarrhythmia. HFO rate and modulation index performed
better than the metric based on hypsarrhythmia, and the
overall accuracy on an independent dataset using cross-
validation was 87.5% (53). A separate study used a multivariable
logistic regression model to classify children with IS from
(41). The
metric, obtained using a forward stepwise approach, was a

approximately age-matched, healthy controls

linear combination of phase-lag index connectivity (delta
frequency band), Shannon entropy (beta band), and DFA
intercept (beta band), with all components measured during
sleep. The classifier achieved an AUC of 0.96 on the age-
matched cohort; including older subjects, particularly those
older than 4 years, caused the performance of the model
to suffer.

Assessment of treatment response

The ideal of
IS is complete resolution of the clinical spasms and

outcome after successful treatment

normalization of the EEG; however, this is not always
As
is currently considered to

obtainable. noted, successful treatment response

include both resolution of
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Functional connectivity

Cross-correlation, as a measurement of functional
connectivity, has demonstrated utility as a quantitative marker
of treatment response in children with IS who were treated
with ACTH and/or vigabatrin as first-line therapy. In a study

of 21 children with IS, decreased functional connectivity
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strength following first-line treatment occurred in 100%
(eleven out of eleven) of IS subjects with successful treatment
response (46). However, a decrease in functional connectivity
strength following treatment was not found to be specific to
successful treatment, as seven of ten non-responders in the
same study also exhibited decreased functional connectivity
strength following first-line treatment. Increased functional
connectivity strength following first-line treatment was
only seen in three of the ten non-responders and none of
the responders.

Power and coherence

Delta band power and delta band coherence have both been
shown to decrease to a greater degree following treatment in
responders than in non-responders (43).

Long-range temporal correlations

A significant increase in LRTCs was noted in children with
pretreatment hypsarrhythmia that resolved following therapy,
whereas no significant changes were seen in children whose
hypsarrhythmia persisted. These results were independent of
whether or not spasms resolved. When assessing all criteria
for response, rather than just hypsarrhythmia, responders
showed a greater increase in strength of LRTCs following
treatment than non-responders. After treatment, responders
were not significantly different from controls, while non-
responders had weaker LRTCs. Together, these findings suggest
that LRTCs, represented by the DFA exponent, can be impacted
by the presence or absence of hypsarrhythmia, but it is also
affected by whether the clinical spasms resolve or not (58,
59).

High-frequency oscillations and fast
oscillations

Rates of high frequency events decreased in the majority
of children with IS after ACTH treatment, suggesting that
HFOs may be a marker of disease burden in IS (50, 52). A
study of children with TSC and West Syndrome found that
FOs associated with spikes significantly increased with the
onset of West Syndrome and decreased after ACTH treatment,
while no such significant results were found for FOs occurring
independently of spikes (54). Further, children with favorable
treatment response exhibited consistent reductions in HFO
rate during sleep when measured several days or more after
treatment initiation, whereas non-responders demonstrated
inconsistent changes (increases, decreases, and no changes)
in HFO rate following treatment (53). McCrimmon et al.
demonstrated that these post-treatment changes in HFO rate can
be detected during sleep as early as 1-2 days following initiation
of ACTH treatment, however, no significant changes in HFO
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rate were seen during wakefulness at this interval (52). Among
IS treatment responders, no significant changes in average
HFO energy were seen after treatment (51). Following ACTH
treatment, the number of ripples and number of ripple channels
were significantly lower in responders than non-responders;
however, no difference in spectral power of ripples was noted
between the two groups. Additionally, following ACTH therapy,
the decrease in ripple number, ripple spectral power, and ripple
channels for each patient was significantly greater for responders
than non-responders (56).

Entropy

Total EEG complexity was used to evaluate EEG signals of
children with IS who did not respond to non-ACTH anti-seizure
medications and were subsequently treated with ACTH. Total
EEG complexity was measured before and after subsequent
ACTH treatment, as well as after 6 months of follow-up. The
total EEG complexity following 14-days of ACTH therapy
was not significantly different between ACTH responders and
non-responders; however, at 6 months of follow-up, ACTH
responders exhibited higher total EEG complexity than ACTH
non-responders (44).

Prediction of treatment response and
relapse

In clinical practice, no EEG-based tools are currently used
to predict treatment response or spasms relapse. Therefore, this
section summarizes studies that evaluated EEG characteristics as
potential predictive biomarkers of sustained treatment response
or relapse.

Functional connectivity

In a study with children treated with ACTH and/or
vigabatrin, strong pretreatment functional connectivity was
associated with favorable short-term treatment response (46).

Power and coherence

Delta power and delta coherence measured in children with
IS before and after ACTH treatment showed that decreases
in these measurements following treatment were greater in
responders who did not subsequently relapse compared to non-
responders and responders who relapsed (43).

High frequency oscillations

In a study utilizing ACTH for treatment of IS, no differences
were seen in the pretreatment EEGs of 17 responders and 22
non-responders across multiple HFO measurements, including
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(1) number of ripples, (2) spectral power of ripples, and (3)
number of ripple channels. However, among the 17 responders,
when measured post-treatment, all three of these measurements
were significantly lower for those that did not relapse within 6
months of treatment (n = 12), compared those who relapsed
(n = 5). The decrease in ripple number, ripple spectral power,
and ripple channels for each patient following treatment was
also significantly greater in the non-relapse group than in the
relapse group (56). A separate study showed no differences
between responders (n = 6) and non-responders (n = 7) in
pretreatment HFO modulation index at different slow-wave
activity (SWA) passbands; however, group wise differences in
the phase coupling angle distributions were reported (57). Lastly,
the pretreatment average HFO energy during sleep has shown to
be lower for responders than non-responders (51).

Entropy

Pretreatment total EEG complexity was higher among
children with IS who responded to non-ACTH anti-seizure
medications, compared to children with IS who did not respond
to non-ACTH anti-seizure medications. However, total EEG
complexity, measured after failure of non-ACTH anti-seizure
medications, but before initiation of ACTH treatment, was not
significantly different between 13 ACTH responders and nine
ACTH non-responders (44).

Discussion

We reviewed the visual and computational EEG-based
biomarkers that have been studied in association with the
diagnosis, treatment response, and outcome prediction of
children with infantile spasms (IS). The motivation behind
most of these studies has stemmed from the major challenges
associated with enacting effective treatment for IS, including
the risk of delayed or erroneous diagnosis and the high rates
of initial treatment failure and relapse. Many of the previously
referenced works also highlight other barriers associated with
the management and study of IS.

The first of these barriers is that IS is a relatively uncommon
disease, affecting 2-5 out of every 10,000 live births (77).
This results in limited sample sizes for single-center and small
multi-center studies and makes biomarker validation studies on
large, blinded datasets logistically challenging. The challenges of
biomarker research in this rare disease are further compounded
by the second such barrier - the etiological heterogeneity of
the disease, with hundreds of etiologies leading to the final
common pathway of IS (78, 79). This heterogeneity undoubtedly
contributes to the clinical inconsistencies previously described.
Thus, discovering, validating, and clinically implementing
objective biomarkers that reliably improve the outcomes of
children with IS is paramount.
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Diagnosis

A correct and early diagnosis of IS enables timely
prescription of standard therapy, which is associated with
greater likelihood of successful treatment and the best possible
child-specific outcome (39). Therefore, it is essential to rely on
EEG analysis techniques that ensure a reliable diagnosis of IS.

To date, clinicians have universally relied on visual EEG
analysis for the diagnosis of IS. The presence of hypsarrhythmia
interictally is highly suggestive of an IS diagnosis, however, the
absence of hypsarrhythmia does not rule out IS, as EEGs of
up to 40% of children with IS will not exhibit hypsarrhythmia
at the time of diagnosis (30, 31). Further, visual evaluation
and analysis of the components of hypsarrhythmia exhibit poor
IRR (32). Since 2015, the visually determined interictal EEG
grading scale known as the BASED score has gained favorability
as an adjunctive metric. When compared to the low IRR of
hypsarrhythmia, the BASED score has high levels of IRR. The
diagnosis of IS may be aided by the recognition of BASED
score elements on the interictal EEG. For example, the presence
of grouped multifocal spikes in sleep should prompt the EEG
reader to carefully review the study for IS. In addition to the
BASED score, PFA has been suggested as a visual EEG biomarker
of IS, as PFA has been shown to indicate a high risk for epilepsy
when detected in EEG signals of children. However, PFA is not
consistently present in children with IS and is also not specific to
IS (35).

Several quantitative EEG biomarkers, such as amplitude,
spectral power, entropy, functional connectivity, HFOs, and
long-range temporal correlations, have been studied in children
with IS. Significantly higher amplitude and spectral power across
all standard frequency bands was seen in the EEGs of children
with IS, and was shown to consistently correlate with the
presence of hypsarrhythmia across multiple studies (40-42).
Some studies also found that elevated amplitude and spectral
power was also seen in children with IS whose EEGs did not
meet criteria for hypsarrhythmia, suggesting that amplitude and
spectral power are not merely a surrogate for the presence or
absence of hypsarrhythmia, but may provide more gradation to
the pretreatment EEG evaluation of children with IS (41).

EEG-based entropy was also shown to be significantly lower
in children with IS compared to healthy controls (41). This
is consistent with what has been reported among other types
of epilepsy (80-83). This finding, at first glance, appears in
contradiction to the historical description of hypsarrhythmia as
a visually “chaotic” pattern, as a high degree of chaos would
suggest similarly high levels of entropy, or unpredictability of
the EEG signal over time. However, recall that measures such
as Shannon entropy do not incorporate the temporal ordering
of data points into their calculation, so it is difficult to estimate
entropy based on the visual appearance of the signals (Figure 2).

Multiple studies have shown that FCNs are consistently
stronger in children with IS than in healthy controls during
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wakefulness and sleep and across multiple frequency bands,
with higher levels of connectivity seen during sleep than
wakefulness. This has been validated using linear and non-
linear metrics (41, 45, 46). These network structures are
highly child-specific. Studies have also shown that the presence
or absence of hypsarrhythmia does not independently drive
connectivity strength, as EEG recordings with high BASED
scores are associated with a wide range of FCN strengths
(46). This is in contrast with long-range temporal correlations,
which have been shown to be consistently weaker than healthy
controls in children with IS who have hypsarrhythmia, but
were not significantly different than controls who had IS
without hypsarrhythmia (58). Further, the presence of interictal
epileptiform discharges in the EEGs of children with IS has
been shown to be associated with increased FCN strength,
however, models simulating epileptiform activity within normal
infant EEG recordings suggest that this is most likely due to
the underlying pathological network as opposed to spurious
connectivity caused by the presence of a spiky waveform in the
EEG (84).

Several studies have shown a strong association between
scalp HFOs and IS during both ictal and interictal periods,
suggesting high potential for use in a diagnostic biomarker.
HFOs may also have value for localizing epileptogenic activity
associated with IS (55, 70, 72). Most of these studies analyzed
events in the gamma and ripple frequency bands, although
one showed an association with fast ripples, as well (52, 53).
While these events have a low amplitude when measured non-
invasively with scalp EEG, and EEG artifacts such as muscle
activity are a significant confounding factor, the repeated reports
of significant differences between children with IS and controls
suggests that they can be reliably measured. However, most
studies have relied on visual marking or visual validation of
automatically detected events; this provides maximal ability to
reject false positive events based on the myriad of factors that
must be considered, but it is subject to reviewer bias and is very
time consuming. One study reported fully automated detection
of ripples and found significant differences in HFO rate between
children with IS and a control group of infants under evaluation
for suspected IS who were later found to be neurologically
normal (52). More work is needed on the development of
robust methods for automated detection of scalp HFOs, with
special consideration for unique EEG features associated with IS,
such as hypsarrhythmia. In addition, while one study analyzed
HFOs in all children suspected of IS (comparing those that
were ultimately diagnosed to those that did not have active
IS) (53), more systematic studies are needed to compare IS
directly to other similar seizure types and syndromes, rather
than healthy controls.

Phase-amplitude coupling has also shown promise as a
classifier for children with IS when compared with healthy
infants. Children with active IS have higher modulation index
values based on the phase of the 3-4 and 0.5-1Hz bands
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coupled with the amplitude of the HFO band (80-500 Hz)
than healthy infants. Following an automated pre-processing
algorithm, delta-gamma modulation index was able to classify
children with IS from healthy controls with an AUC of 0.98
during sleep and 0.85 during wakefulness, demonstrating a very
high level of accuracy. The ability to perform this classification
based on awake EEG makes modulation index feasible for
diagnostic use based routine EEGs which nearly invariably
capture wakefulness during the 30-60 min of standard recording
(53, 60).

Many of the computational metrics have shown to
correlate well-with clinicians” diagnostic assessments or provide
ancillary data to inform the diagnostic process. Given the
complementary nature of many of these EEG characteristics, a
multivariate approach to IS classification is logical. Multivariate
models for IESS have recently emerged, including clinical and
computational EEG metrics. These innovative techniques have
demonstrated favorable IS classification with AUCs ranging
from 0.80t0 0.98 (41, 53). As further complementary biomarkers
for IS emerge, accuracy will likely improve.

Ideally, a standardized, multivariate tool that can be broadly
implemented to aid in IS diagnosis would hasten the time from
spasm onset to diagnosis and therefore improve the likelihood of
successful treatment and optimize long-term outcome. Further,
this tool may also yield utility in predicting the onset of IS
in high-risk individuals, such as children with perinatal brain
injury or tuberous sclerosis complex, if utilized with surveillance
EEG recordings prior to IS onset.

Treatment response

Treatment response describes the changes in a patients
condition after treatment. Determining the effects of a therapy
on IS is essential to guide future management of the disease.
Further, it is essential to consider that IS treatment response
is likely not binary (responder vs. non-responder), in contrast
to how IS treatment response has been historically and is
currently categorized. In all likelihood, this binary classification
of treatment response is due, at least in part, to the historical
lack of objective, reliable, graded metrics of disease burden for
IS. Standardizing quantifiable metrics of treatment response
for IS and universally applying them would create significant
benefits for IS management and research. For instance, if a
clinical treatment resulted in a measurable partial treatment
response but not complete response, this would suggest that
continuing the treatment while adding a second agent would be
the ideal course of action. Additionally, reliable graded metrics
of treatment response would allow clinical trials to assess the
efficacy of novel treatments with smaller sample sizes, which
is paramount in a rare disease like IS. Several clinical and
computational EEG-based biomarkers have shown promise for
assessing treatment response in children with IS.
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The BASED score has been presented as an alternative to
hypsarrhythmia for evaluating treatment response in children
with IS. As previously mentioned, the BASED score has
demonstrated superior IRR when compared with clinician
evaluation of hypsarrhythmia (34). Further, the BASED score
allows for individualized quantification of EEG abnormalities
in children with IS. This is integral for assessing treatment
response, as quantifying improvement in the EEG following
treatment initiation is essential, especially in children with
IS who do not exhibit hypsarrhythmia on their pretreatment
EEGs. This concept of individualized treatment response
quantification using the BASED score was shown to be feasible,
and treatment response was defined differently based on the
pretreatment BASED score. For pretreatment BASED scores of
4 or 5, electrographic remission was defined as improvement to
BASED score <3, whereas in children with pretreatment scores
of 3, electrographic remission required post-treatment scores of
<2 (34).

Computational techniques like functional connectivity,
power, coherence, and HFOs have been tested as potential
markers of treatment outcome, showing differentiative traits
between responders and non-responders. In one study,
FCN strength, measured with cross-correlation, decreased
consistently following standard IS treatment in all responders,
however, 70% of non-responders also demonstrated decreased
FCN strength following treatment. In the same study, 30% of
non-responders exhibited increased FCN strength following
treatment — a finding that was not observed in responders (46).
This suggests that a post-treatment decrease in FCN strength
is a sensitive but not specific biomarker of favorable treatment
response, while an increase in FCN strength is a specific but not
sensitive biomarker of treatment non-response. Delta power
and coherence showed similar trends, however, the degree
of decrease following treatment in both metrics was found
to be greater in responders as opposed to non-responders,
group wise (43). Changes in DFA following first-line treatment
closely mirrors whether the patient’s post-treatment EEG
met criteria for hypsarrhythmia or not (58). This suggests
that DFA may function as an objective surrogate measure
for hypsarrhythmia, though the sample size of this study was
small. Further, the magnitude of DFA change was related to
whether the clinical spasms resolved or not, suggesting that
other factors beyond hypsarrhythmia may also affect long-range
temporal correlations.

Changes in HFOs following treatment of IS are similar to
those seen with FCNs. HFO rates during sleep consistently
decrease following successful treatment of IS, however, rates may
increase, decrease, or remain unchanged following unsuccessful
treatment (53). Other studies reported similar decreases in HFO
rate following successful IS treatment (54, 56), with evidence
that these decreases may begin to manifest within 24-48h of
treatment initiation (52). Average HFO energy seems unaffected
by treatment response (51). Overall, an increase in HFO rate
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following treatment is highly suggestive of treatment non-
response, whereas virtually all responders will exhibit a decrease
in HFO rate to some degree. This mirrors FCN changes with
treatment, as previously described.

Multiscale entropy has not been broadly studied in IS,
however, one study found no significant differences between
responders and non-responders following treatment initiation.
Nevertheless, 6 months later, ACTH responders exhibited higher
total EEG complexity than non-responders (44).

Many of the above EEG metrics show promise for
achieving quantifiable and reliable measurements of treatment
success, however, large-scale work remains necessary to
validate these potentially reliable and objective measures of

treatment response.

Outcome prediction

Treatment response prediction can objectively guide
clinicians when making medical decisions about therapy.
Stratification of children with IS by likelihood of treatment
response would allow for more aggressive measures to be
taken in those with higher risk of non-response or relapse, and
conversely also allow less aggressive, less invasive treatments
to be used in lower risk cohorts. Predicting the likelihood
of relapse may also guide monitoring following successful
treatment (e.g., a child with a high likelihood for relapse would
likely require more frequent clinic visits and EEGs than one at
low risk for relapse).

Prediction of initial treatment response using
pretreatment EEG

Clinically, the presence of hypsarrhythmia prior to
treatment initiation was not a predictor of treatment response.
However, children without pretreatment hypsarrhythmia
were less likely to receive standard therapy - an unsupported
approach that decreased likelihood of treatment response (39).
Using cross-correlation, very strong pretreatment FCNs were
found to be associated with favorable treatment response in
a small subset of children with IS treated with ACTH and/or
vigabatrin (46). HFOs have shown mixed results as predictive
biomarkers. HFO rates, spectral power, and channels, as well
as HFO modulation index in slow-wave passbands, measured
in pretreatment EEGs, have not demonstrated a robust ability
to predict responders and non-responders (57). However, the
average HFO energy during sleep was shown to be lower for
responders than non-responders (51).

Prediction of subsequent relapse in treatment
responders

The BASED score has shown promise for predicting relapse.
Among treatment responders, those with post-treatment
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BASED scores of 3 or higher showed a high rate (89%)
of subsequent relapse (26). Similarly, smaller decreases in
delta power and delta coherence following treatment among
responders have been shown to indicate higher risk of relapse.
HFO rates, spectral power, and number of HFO channels
were significantly lower among responders who did not relapse
compared to those who subsequently relapsed (56).

Gaps in knowledge and future directions

Much of the work to date studying EEG-based biomarkers of
IS has utilized relatively small sample sizes and has been carried
out at single centers or small groups of centers. Small studies
typically are limited in the generalizability of their results and
the likelihood of finding statistically significant conclusions, as
well as the ability to study subsets of the population, i.e., focus on
a specific IESS etiology. More recently, large multicenter efforts
studying IS have proved fruitful, and further efforts to collect
data from a large, diverse population of children with IS that can
be shared and analyzed should be pursued. These types of studies
present their own logistical barriers to implementation, such as
adequate funding, data collection/storage, navigating the myriad
of research regulations across different geographic regions, and
standardizing data collection and treatment protocols.

Computational EEG biomarkers are becoming more
commonplace in IS research, and their utility is often
complementary to visual EEG analysis. Significant strides have
been made to include more quantitative analysis within clinical
EEG recording and interpretation. For example, software
packages like Persyst® are designed to integrate into existing
clinical EEG software, such as NeuroWorkbench® by Nihon
Kohden. These software tools remain costly to implement and
require expertise in computational EEG analysis to properly
configure, and as of yet they are not universally adopted.
Additionally, as most commercially available software uses
proprietary algorithms, integrating customized analyses into
the software is not easily done or, in many cases, is impossible.
Therefore, universal integration of computational biomarkers
into the standard clinical workflow for epilepsy practices
remains a significant barrier to their widespread usage. This
process can be facilitated by considering ease of implementation
when choosing biomarker methodologies. Once computational
analysis is fully integrated into EEG data collection and clinical
review, a paradigm shift in clinical training would still be
required for clinical epileptologists to be more broadly exposed
to these techniques and their uses during their residencies
and fellowships.

Finally, the discovery of biomarkers is only the first step
on the road to their clinical acceptance and broad usage, as
they must be rigorously validated. Biomarker discovery studies
should be thoughtfully designed in ways that minimize bias and
produce robust, reproducible results. Patient selection and EEG
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data segment selection should be randomized, multiple distinct
EEG samples should be analyzed for each patient (to prove
reliability of the measure), and states of consciousness should
be considered. Further, the clinicians who clinically interpret the
EEG studies and the researchers who perform the computational
analysis of the EEG data should be blinded to treatment status
and outcome (41). The tools to perform these analyses should
be made freely and broadly available so research groups can
validate each other’s findings on independent datasets. Lastly,
validation of biomarkers should be undertaken on large datasets,
and validated biomarkers should then be tested in a clinical
trial environment to ascertain their likelihood of impacting
clinical practice.

It is not yet clear what final form the implementation
of such a biomarker would take in clinical practice, as a
fully validated biomarker does not yet exist. However, once
found, it would ideally be seamlessly integrated into the
clinical workflow using widely available software. The process
of evaluating the biomarker would be automated such that
accuracy can be guaranteed for a range of expertise levels.
This would enable widespread adoption of the biomarker
as an adjunctive tool for the diagnosis and management
of IESS.

Author contributions

BR has first authorship of the manuscript and performed
data analysis, figure preparation, and literature search and
selection, and also wrote the first manuscript draft and helped
edit the manuscript. KR contributed data analysis and figure
preparation. JM and DS contributed to figure preparation,
provided clinical expertise, literature search and selection, and
helped write and edit the manuscript. BL helped conceptualize
and supervise the manuscript preparation, while performing
data analysis, preparing figures, and writing and editing the
manuscript. All authors contributed to the article and approved
the submitted version.

Funding

This work was supported by the UC Irvine California-
Catalonia Engineering Program, through a Balsells Mobility
Fellowship to BRM. Funding was also provided by the
Children’s Hospital of Orange County Physician Scientist
Scholar’s Program.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

frontiersin.org


https://doi.org/10.3389/fneur.2022.960454
https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org

Romero Mila et al.

Publisher’'s Note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated

References

1. Pavone P, Striano P, Falsaperla R, Pavone L, Ruggieri M. Infantile spasms
syndrome, West syndrome and related phenotypes: what we know in 2013. Brain
Develop. (2014) 36:739-51. doi: 10.1016/j.braindev.2013.10.008

2. Specchio N, Wirrell EC, Scheffer IE, Nabbout R, Riney K, Samia P,
et al. International league against epilepsy classification and definition of
epilepsy syndromes with onset in childhood: position paper by the ILAE task
force on nosology and definitions. Epilepsia. (2022) 5:1-49. doi: 10.1111/epi.
17241

3. Aaberg KM, Gunnes N, Bakken IJ, Lund Seraas C, Berntsen A, Magnus P,
et al. Incidence and prevalence of childhood epilepsy: a nationwide cohort study.
Pediatrics. (2017) 139:1-9. doi: 10.1542/peds.2016-3908

4. Riikonen R. Long-term outcome of patients with West syndrome. Brain
Develop. (2001) 23:683-7. doi: 10.1016/S0387-7604(01)00307-2

5. Sillanpad M, Schmidt D. Natural history of treated childhood-onset
epilepsy: Prospective, long-term population-based study. Brain. (2006) 129:617-
24. doi: 10.1093/brain/awh726

6. Mohamed BP, Scott RC, Desai N, Gutta P, Patil S.
outcome in infantile spasms-A retrospective study. Epilepsia.
52:746-52. doi: 10.1111/j.1528-1167.2010.02963.x

Seizure
(2011)

7. Gaily E, Lommi M, Lapatto R, Lehesjoki AE. Incidence and outcome of
epilepsy syndromes with onset in the first year of life: a retrospective population-
based study. Epilepsia. (2016) 57:1594-601. doi: 10.1111/epi.13514

8. Russ SA, Larson K, Halfon N. A national profile of childhood epilepsy and
seizure disorder. Pediatrics. (2012) 129:256-64. doi: 10.1542/peds.2010-1371

9. Harini C, Nagarajan E, Bergin AM, Pearl P, Loddenkemper T, Takeoka
M, et al. Mortality in infantile spasms: a hospital-based study. Epilepsia. (2020)
61:702-13. doi: 10.1111/epi.16468

10. Berg AT, Nickels K, Wirrell EC, Geerts AT, Callenbach PM, Arts WE
et al. Mortality risks in new-onset childhood epilepsy. Pediatrics. (2013) 132:124-
131. doi: 10.1542/peds.2012-3998

11. Appleton RE. Mortality in pediatric epilepsy. Arch Dis Childhood. (2003)
88:1091-94. doi: 10.1136/adc.88.12.1

12. Gold LS, Schepman PB, Wang W], Philbin M, Niewoehner J, Damal
K, et al. Healthcare Costs and Resource Utilization in Patients with Infantile
Spasms Treated with H.P. Acthar Gel™ . Adv Therapy. (2016) 33:1293-
304. doi: 10.1007/s12325-016-0361-2

13. Beghi E, Frigeni B, Beghi M, De Compadri P, Garattini L. A review
of the costs of managing childhood epilepsy. Pharmacoeconomics. (2005)
23:27-45.

14. Berg AT, Berkovic SE Brodie MJ, Buchhalter ], Cross JH, van Emde Boas
W, et al. Revised terminology and concepts for organization of seizures and
epilepsies: report of the ILAE commission on classification and terminology,
2005-2009. Epilepsia. (2010) 51:676-85. doi: 10.1111/j.1528-1167.2010.
02522.x

15. Khan S, Al Baradie R. Epileptic encephalopathies: an overview. Epilepsy Res
Treat. (2012) 2012:1-8. doi: 10.1155/2012/403592

16. Gibbs FA, Gibbs EL. Atlas of Electroencephalography, Epilepsy. Vol.2.
Cambridge, MA: Addison-Wesley (1952).

17. Glauser TA. Following catastrophic epilepsy patients from childhood to
adulthood. Epilepsia. (2004) 45:23-6. doi: 10.1111/.0013-9580.2004.05005.x

18. Riikonen RS. Favourable prognostic factors with infantile spasms. Eu J
Paediat Neurol. (2010) 14:13-8. doi: 10.1016/j.ejpn.2009.03.004

19. Primec ZR, Stare ], Neubauer D. The risk of lower mental outcome in infantile
spasms increases after three weeks of hypsarrhythmia duration. Epilepsia. (2006)
47:2202-5. doi: 10.1111/j.1528-1167.2006.00888.x

20. Napuri S, Le Gall E, Dulac O, Chaperon J, Riou F. Factors associated with
treatment lag in infantile spasms. Develop Med Child Neurol. (2010) 52:1164—
6. doi: 10.1111/§.1469-8749.2010.03811.x

Frontiersin Neurology

17

10.3389/fneur.2022.960454

organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed
or endorsed by the publisher.

21. Auvin S, Hartman AL, Desnous B, Moreau AC, Alberti C, Delanoe C, et al.
Diagnosis delay in West syndrome: Misdiagnosis and consequences. Eu J Pediat.
(2012) 171:1695-701. doi: 10.1007/s00431-012-1813-6

22. Hussain SA, Lay ], Cheng E, Weng J, Sankar R, Baca CB recognition of
infantile spasms is often delayed: the ASSIST study. J Pediat. (2017) 190:215-
21. doi: 10.1016/j.jpeds.2017.08.009

23. Lux L, Osborne JP. A proposal for case definitions and outcome
measures in studies of infantile spasms and West syndrome: consensus
statement of the West Delphi Group. Epilepsia. (2004) 45, no. 11:1416-
28. doi: 10.1111/j.0013-9580.2004.02404.x

24. Knupp KG, Coryell ], Nickels KC, Ryan N, Leister E, Loddenkemper T,
Zet al. Response to treatment in a prospective national infantile spasms cohort.
Ann Neurol. (2016) 79:475-84. doi: 10.1002/ana.24594

25. Yamada K, Toribe Y, Kimizu T, Kimura S, Ikeda T, Mogami Y, et al. Predictive
value of EEG findings at control of epileptic spasms for seizure relapse in patients
with West syndrome. Seizure. (2014) 23:703-7. doi: 10.1016/j.seizure.2014.05.010

26. Wan L, Lei YQ, Liu XT, Chen J, Yeh CH, Zhang CT, e al. Assessing
risk for relapse among children with infantile spasms using the based
score after ACTH Treatment: a retrospective study. Neurol Therapy. (2022)
8:347. doi: 10.1007/s40120-022-00347-7

27. Hayashi Y, Yoshinaga H, Akiyama T, Endoh E Ohtsuka Y,
Kobayashi K. Predictive factors for relapse of epileptic spasms after
adrenocorticotropic hormone therapy in West syndrome. Brain Develop.
(2016) 38:32-9. doi: 10.1016/j.braindev.2015.05.012

28. Mytinger JR. Definitions and diagnostic criteria for infantile spasms and west
syndrome - historical perspectives and practical considerations. Sem Pediat Neurol.
(2021) 38: 100893. doi: 10.1016/j.spen.2021.100893

29. Bower BD, Jeavons PM. Infantile Spasms and Hypsarrhythmia. Lancet. (1959)
273:605-9. doi: 10.1016/S0140-6736(59)92355-4

30. E Gaily E, Liukkonen E, Paetau R, Rekola M, Granstrém ML. Infantile
spasms: Diagnosis and assessment of treatment response by video-EEG. Develop
Med Child Neurol. (2001) 43:658-67. doi: 10.1111/j.1469-8749.2001.tb00139.x

31. Vendrame M, Guilhoto LM, Loddenkemper T, Gregas M, Bourgeois
BE Kothare SV. Outcomes of epileptic spasms in patients aged less than 3
years: Single-center United States experience. Pediat Neurol. (2012) 46:276—
80. doi: 10.1016/j.pediatrneurol.2012.02.022

32. Hussain SA, Kwong G, Millichap JJ, Mytinger JR, Ryan N, Matsumoto JH,
et al. Hypsarrhythmia assessment exhibits poor interrater reliability: a threat to
clinical trial validity. Epilepsia. (2015) 56:77-81. doi: 10.1111/epi.12861

33. Mytinger JR, Hussain SA, Islam MP, Millichap JJ, Patel AD, Ryan NR, et al.
Improving the inter-rater agreement of hypsarrhythmia using a simplified EEG
grading scale for children with infantile spasms. Epilepsy Res. (2015) 116:93-
8. doi: 10.1016/j.eplepsyres.2015.07.008

34. Mytinger JR, Vidaurre ], Moore-Clingenpeel M, Stanek JR,
Albert DV. A reliable interictal EEG grading scale for children with
infantile spasms - The 2021 BASED score. Epilepsy Res. (2021)
173:106631. doi: 10.1016/j.eplepsyres.2021.106631

35. Wu JY, Koh S, Sankar R, Mathern GW. Paroxysmal fast activity: An
interictal scalp EEG marker of epileptogenesis in children. Epilepsy Res. (2008)
82:99-106. doi: 10.1016/j.eplepsyres.2008.07.010

36. Spenner B, Krois-Neudenberger J, Kurlemann G, Althaus J, Schwartz O,
Fiedler B. The prognostic value of sleep spindles in long-term outcome of West
Syndrome. Eu J Paediat Neurol. (2019) 23:827-31. doi: 10.1016/j.ejpn.2019.09.003

37. Mytinger JR, Albert DV, Twanow JD, Vidaurre J, Tan Y, Brock GN, et al.
Compliance with standard therapies and remission rates after implementation
of an infantile spasms management guideline. Pediat Neurol. (2020) 104:23-
9. doi: 10.1016/j.pediatrneurol.2019.11.016

38. Knupp KG, Leister E, Coryell J, Nickels KC, Ryan N, Juarez-Colunga
E, et al. Response to second treatment after initial failed treatment in a

frontiersin.org


https://doi.org/10.3389/fneur.2022.960454
https://doi.org/10.1016/j.braindev.2013.10.008
https://doi.org/10.1111/epi.17241
https://doi.org/10.1542/peds.2016-3908
https://doi.org/10.1016/S0387-7604(01)00307-2
https://doi.org/10.1093/brain/awh726
https://doi.org/10.1111/j.1528-1167.2010.02963.x
https://doi.org/10.1111/epi.13514
https://doi.org/10.1542/peds.2010-1371
https://doi.org/10.1111/epi.16468
https://doi.org/10.1542/peds.2012-3998
https://doi.org/10.1136/adc.88.12.1
https://doi.org/10.1007/s12325-016-0361-2
https://doi.org/10.1111/j.1528-1167.2010.02522.x
https://doi.org/10.1155/2012/403592
https://doi.org/10.1111/j.0013-9580.2004.05005.x
https://doi.org/10.1016/j.ejpn.2009.03.004
https://doi.org/10.1111/j.1528-1167.2006.00888.x
https://doi.org/10.1111/j.1469-8749.2010.03811.x
https://doi.org/10.1007/s00431-012-1813-6
https://doi.org/10.1016/j.jpeds.2017.08.009
https://doi.org/10.1111/j.0013-9580.2004.02404.x
https://doi.org/10.1002/ana.24594
https://doi.org/10.1016/j.seizure.2014.05.010
https://doi.org/10.1007/s40120-022-00347-7
https://doi.org/10.1016/j.braindev.2015.05.012
https://doi.org/10.1016/j.spen.2021.100893
https://doi.org/10.1016/S0140-6736(59)92355-4
https://doi.org/10.1111/j.1469-8749.2001.tb00139.x
https://doi.org/10.1016/j.pediatrneurol.2012.02.022
https://doi.org/10.1111/epi.12861
https://doi.org/10.1016/j.eplepsyres.2015.07.008
https://doi.org/10.1016/j.eplepsyres.2021.106631
https://doi.org/10.1016/j.eplepsyres.2008.07.010
https://doi.org/10.1016/j.ejpn.2019.09.003
https://doi.org/10.1016/j.pediatrneurol.2019.11.016
https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org

Romero Mila et al.

multicenter prospective infantile spasms cohort. Epilepsia. (2016) 57:1834-
42. doi: 10.1111/epi.13557

39. Demarest ST, Shellhaas RA, Gaillard WD, Keator C, Nickels KC, Hussain
SA, et al. The impact of hypsarrhythmia on infantile spasms treatment response:
observational cohort study from the national infantile spasms consortium.
Epilepsia. (2017) 58:2098-103. doi: 10.1111/epi.13937

40. Smith R], Shrey DW, Hussain SA, Lopour BA. Quantitative Characteristics
of Hypsarrhythmia in Infantile Spasms. Proceedings of the Annual International
Conference of the IEEE Engineering in Medicine and Biology Society, EMBS. (2018)
2018:538-41. doi: 10.1109/EMBC.2018.8512348

41. Smith RJ, Hu DK, Shrey DW, Rajaraman R, Hussain SA, Lopour BA.
Computational characteristics of interictal EEG as objective markers of epileptic
spasms. Epilepsy Res. (2021) 176:106704. doi: 10.1016/j.eplepsyres.2021.106704

42, Burroughs SA, Morse RP, Mott SH, Holmes GL. Brain connectivity in West
syndrome. Seizure. (2014) 23:576-9. doi: 10.1016/j.seizure.2014.03.016

43. Tanritanir A, Vieluf S, Jafarpour S, Wang X, Loddenkemper T. EEG
Biomarkers of repository corticotropin injection treatment. J Clin Neurophysiol.
(2021) pp. 1-8. doi: 10.1097/WNP.0000000000000886

44, Chu Y], Chang CE Weng WC, Fan PC, Shieh ]S, Lee
WT.  Electroencephalography  complexity in infantile spasms and
its association with treatment response. Clin Neurophysiol. (2020)

132:480-6. doi: 10.1016/j.clinph.2020.12.006

45. Stacey W, Kramer M, Gunnarsdottir K, Gonzalez-Martinez J, Zaghloul K,
Inati S, et al. Emerging roles of network analysis for epilepsy. Epilepsy Res. (2020)
159:106255 doi: 10.1016/j.eplepsyres.2019.106255

46. Shrey DW, McManus OK, Rajaraman R, Ombao H, Hussain SA, Lopour
BA. Strength and stability of EEG functional connectivity predict treatment
response in infants with epileptic spasms. Clin Neurophysiol. (2018) 129:2137-
48. doi: 10.1016/j.clinph.2018.07.017

47. Japaridze N, Muthuraman M, Moeller F Boor R, Anwar AR, Deuschl
G, et al. Neuronal networks in west syndrome as revealed by source analysis
and renormalized partial directed coherence. Brain Topography. (2013) 26:157-
70. doi: 10.1007/s10548-012-0245-y

48. Suzuki H, Otsubo H, Yokota N, Nishijima S, Go C, Snead III OC, et al.
Epileptogenic modulation index and synchronization in hypsarrhythmia of West
syndrome secondary to perinatal arterial ischemic stroke. Clin Neurophysiol. (2021)
132:1185-93. doi: 10.1016/j.clinph.2020.12.028

49. Davis PE, Kapur K, Filip-Dhima R, Trowbridge SK, Little E, Wilson A,
et al. Increased electroencephalography connectivity precedes epileptic spasm
onset in infants with tuberous sclerosis complex. Epilepsia. (2019) 60:1721-
32.doi: 10.1111/epi.16284

50. Kobayashi K, Akiyama T, Oka M, Endoh F, Yoshinaga H. A storm of fast
(40-150Hz) oscillations hypsarrhythmia in West syndrome. Annals Neurol. (2015)
77:58-67. doi: 10.1002/ana.24299

51. Yan L, Li L, Chen J, Wang L, Jiang L, Hu Y. Application of high-frequency
oscillations on scalp EEG in infant spasm: a prospective controlled study. Front
Human Neurosci. (2021) 15:1-10. doi: 10.3389/fnhum.2021.682011

52. McCrimmon CM, Riba A, Garner C, Maser AL, Phillips DJ, Steenari M, et al.
Automated detection of ripple oscillations in long-term scalp EEG from patients
with infantile spasms. ] Neural Enginee. (2021) 18:7. doi: 10.1088/1741-2552/abcc7e

53. Nariai H, Hussain SA, Bernardo D, Motoi H, Sonoda M,
Kuroda N, et al. Scalp EEG interictal high frequency oscillations as
an objective biomarker of infantile spasms. Clin Neurophysiol. (2020)
131:2527-36. doi: 10.1016/j.clinph.2020.08.013

54. Tsuchiya H, Endoh E, Akiyama T, Matsuhashi M, Kobayashi K. Longitudinal
correspondence of epilepsy and scalp EEG fast (40-200Hz) oscillations in
pediatric patients with tuberous sclerosis complex. Brain Develop. (2020) 42:663—
74. doi: 10.1016/j.braindev.2020.06.001

55. Kobayashi K, Endoh E Agari T, Akiyama T, Akiyama M, Hayashi Y, et al.
Complex observation of scalp fast (40-150 Hz) oscillations in West syndrome
and related disorders with structural brain pathology. Epilepsia Open. (2017)
2:260-6. doi: 10.1002/epi4.12043

56. Wang W, Li H, Yan ], Zhang H, Li X, Zheng S, et al. Automatic
detection of interictal ripples on scalp EEG to evaluate the effect and prognosis
of ACTH therapy in patients with infantile spasms. Epilepsia. (2021) 62:2240-
51. doi: 10.1111/epi.17018

57. Bernardo D, Nariai H, Hussain SA, Sankar R, Wu JY. Interictal scalp fast
ripple occurrence and high frequency oscillation slow wave coupling in epileptic
spasms. Clin Neurophysiol. (2020) 131:1433-43. doi: 10.1016/j.clinph.2020.
03.025

58. Smith R], Sugijoto A, Rismanchi N, Hussain SA, Shrey DW,
Lopour BA. Long-range temporal correlations reflect  treatment

Frontiersin Neurology

18

10.3389/fneur.2022.960454

response in the
spasms. Brain Topography.
0588-5

electroencephalogram
(2017)  30:810-21.

of patients with infantile
doi:  10.1007/s10548-017-

59. Smith RJ, Ombao HC, Shrey DW, Lopour BA. inference on long-range
temporal correlations in human EEG data. IEEE ] Biomed Health Inform. (2020)
24:1070-9. doi: 10.1109/JBHI.2019.2936326

60. Miyakoshi M, Nariai H, Rajaraman RR, Bernardo D, Shrey DW, Lopour BA,
et al. Automated preprocessing and phase-amplitude coupling analysis of scalp
EEG discriminates infantile spasms from controls during wakefulness. Epilepsy Res.
(2021) 178:6809. doi: 10.1016/j.eplepsyres.2021.106809

61. Bastos AM, Schoffelen JM. A tutorial review of functional connectivity
analysis methods and their interpretational pitfalls. Front Sys Neurosci. (2016)
9:1-23. doi: 10.3389/fnsys.2015.00175

62. Chu CJ, Kramer MA, Pathmanathan ], Bianchi MT, Westover
MB, Wizon L, et al. Emergence of stable functional networks
in long-term  human electroencephalography. ]  Neurosci.  (2012)

328:2703-13. doi: 10.1523/JNEUROSCI.5669-11.2012

63. Smith RJ, Alipourjeddi E, Garner C, Maser AL, Shrey DW, Lopour BA. Infant
functional networks are modulated by state of consciousness and circadian rhythm.
Network Neurosci. (2021) 5:1-17. doi: 10.1162/netn_a_00194

64. Hu DK, Li LY, Lopour BA, Martin EA. Schizotypy dimensions are associated
with altered resting state alpha connectivity. Int J Psychophysiol. (2020) 155:175—
83. doi: 10.1016/j.ijpsycho.2020.06.012

65. He F, Billings SA, Wei HL, Sarrigiannis PG. A non-linear causality measure
in the frequency domain: Nonlinear partial directed coherence with applications to
EEG. ] Neurosci Meth. (2014) 225:71-80. doi: 10.1016/j.jneumeth.2014.01.013

66. Nenadovic V, Whitney R, Boulet J, Cortez MA. Hypsarrhythmia
in epileptic spasms: synchrony in chaos. Seizure. (2018) 58:55-
61. doi: 10.1016/j.seizure.2018.03.026

67. Stam CJ, Van Der Made Y,
PH. EEG synchronization in mild
Alzheimers  disease.  Acta  Neurologica
2:90-6. doi: 10.1034/j.1600-0404.2003.02067.x

68. Thomschewski A, Hincapié AS, Frauscher B. Localization of the
epileptogenic zone using high frequency oscillations. Front Neurol. (2019)
10.:94 doi: 10.3389/fneur.2019.00094

Pijnenburg YA,  Scheltens
cognitive  impairment and
Scandinavica.  (2003) 108

69. Remakanthakurup Sindhu K, Staba R, Lopour BA. Trends in the use of
automated algorithms for the detection of high-frequency oscillations associated
with human epilepsy. Epilepsia. (2020) 61:1553-69. doi: 10.1111/epi.16622

70. Nariai H, Beal ], Galanopoulou AS, Mowrey WB, Bickel S, Sogawa Y, et al.
Scalp EEG Ictal gamma and beta activity during infantile spasms: Evidence of
focality. Epilepsia. (2017) 58:882-92. doi: 10.1111/epi.13735

71. Oka M, Kobayashi K, Akiyama T, Ogino T, Oka E. A study of
spike-density on EEG in West syndrome. Brain Develop. (2004) 26:105-
112. doi: 10.1016/S0387-7604(03)00101-3

72. Iwatani Y, Kagitani-Shimono K, Tominaga K, Okinaga T,
Kishima H, Kato A, et al. Ictal high-frequency oscillations on scalp
EEG recordings in symptomatic West syndrome. Epilepsy Res. (2012)
102:60-70. doi: 10.1016/j.eplepsyres.2012.04.020

73. Kobayashi K, Miya K, Akiyama T, Endoh E Oka M, Yoshinaga H,
et al. Cortical contribution to scalp EEG gamma rhythms associated with
epileptic spasms. Brain Develop. (2013) 35:762-70. doi: 10.1016/j.braindev.2012.
12.012

74. Kobayashi K, Akiyama T, Oka M, Endoh F Yoshinaga H. Fast (40-
150 Hz) oscillations are associated with positive slow waves in the ictal
EEGs of epileptic spasms in West syndrome. Brain Develop. (2016) 38:909-
14. doi: 10.1016/j.braindev.2016.05.005

75. K Linkenkaer-Hansen K, Nikouline V'V, Palva JM, Ilmoniemi RJ. Long-range
temporal correlations and scaling behavior in human brain oscillations. ] Neurosci.
(2001) 21:1370-7. doi: 10.1523/jneurosci.21-04-01370.2001

76. Hardstone R, Poil SS, Schiavone G, Jansen R, Nikulin VV, Mansvelder HD,
et al. Detrended fluctuation analysis: a scale-free view on neuronal oscillations.
Front Physiol. (2012) 3:1-13. doi: 10.3389/fphys.2012.00450

77. Trevathan E, Murphy CC, Yeargin-Allsopp M. The descriptive
epidemiology of infantile spasms among Atlanta children. Epilepsia. (1999)
40:748-51. doi: 10.1111/j.1528-1157.1999.tb00773.x

78. Osborne JP, Lux AL, Edwards SW, Hancock E, Johnson
AL, Kennedy CR, et al. The wunderlying etiology of infantile
spasms (West syndrome): Information from the United Kingdom
Infantile Spasms Study (UKISS) on contemporary causes and their
classification. Epilepsia. (2010) 51:2168-74. doi: 10.1111/j.1528-1167.2010.
02695.x

frontiersin.org


https://doi.org/10.3389/fneur.2022.960454
https://doi.org/10.1111/epi.13557
https://doi.org/10.1111/epi.13937
https://doi.org/10.1109/EMBC.2018.8512348
https://doi.org/10.1016/j.eplepsyres.2021.106704
https://doi.org/10.1016/j.seizure.2014.03.016
https://doi.org/10.1097/WNP.0000000000000886
https://doi.org/10.1016/j.clinph.2020.12.006
https://doi.org/10.1016/j.eplepsyres.2019.106255
https://doi.org/10.1016/j.clinph.2018.07.017
https://doi.org/10.1007/s10548-012-0245-y
https://doi.org/10.1016/j.clinph.2020.12.028
https://doi.org/10.1111/epi.16284
https://doi.org/10.1002/ana.24299
https://doi.org/10.3389/fnhum.2021.682011
https://doi.org/10.1088/1741-2552/abcc7e
https://doi.org/10.1016/j.clinph.2020.08.013
https://doi.org/10.1016/j.braindev.2020.06.001
https://doi.org/10.1002/epi4.12043
https://doi.org/10.1111/epi.17018
https://doi.org/10.1016/j.clinph.2020.03.025
https://doi.org/10.1007/s10548-017-0588-5
https://doi.org/10.1109/JBHI.2019.2936326
https://doi.org/10.1016/j.eplepsyres.2021.106809
https://doi.org/10.3389/fnsys.2015.00175
https://doi.org/10.1523/JNEUROSCI.5669-11.2012
https://doi.org/10.1162/netn_a_00194
https://doi.org/10.1016/j.ijpsycho.2020.06.012
https://doi.org/10.1016/j.jneumeth.2014.01.013
https://doi.org/10.1016/j.seizure.2018.03.026
https://doi.org/10.1034/j.1600-0404.2003.02067.x
https://doi.org/10.3389/fneur.2019.00094
https://doi.org/10.1111/epi.16622
https://doi.org/10.1111/epi.13735
https://doi.org/10.1016/S0387-7604(03)00101-3
https://doi.org/10.1016/j.eplepsyres.2012.04.020
https://doi.org/10.1016/j.braindev.2012.12.012
https://doi.org/10.1016/j.braindev.2016.05.005
https://doi.org/10.1523/jneurosci.21-04-01370.2001
https://doi.org/10.3389/fphys.2012.00450
https://doi.org/10.1111/j.1528-1157.1999.tb00773.x
https://doi.org/10.1111/j.1528-1167.2010.02695.x
https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org

Romero Mila et al.

79. J Osborne JP, Edwards SW, Dietrich Alber E Hancock E, Johnson
AL, Kennedy CR, et al. The underlying etiology of infantile spasms (West
syndrome): information from the international collaborative infantile
spasms study (ICISS). Epilepsia. (2019) 60:1861-9. doi: 10.1111/epi.
16305

80. Kannathal N, Choo ML, Acharya UR, Sadasivan PK Entropies for
detection of epilepsy in EEG. Comp Meth Programs Biomed. (2005) 80:187-
94. doi: 10.1016/j.cmpb.2005.06.012

81. Kannathal N, Acharya UR, Lim CM, Sadasivan PK. Characterization
of EEG - A comparative study. Comp Meth Programs Biomed. (2005) 80:17-
23. doi: 10.1016/j.cmpb.2005.06.005

Frontiersin Neurology

19

10.3389/fneur.2022.960454

82. Kannathal N, Chee J, Er K, Lim K, Tat OH. Chaotic Analysis of
Epileptic EEG Signals. IFMBE Proceedings. (2014) 43:9. doi: 10.1007/978-3-319-
02913-9

83.  Rosso
JA, Hunter
changes  associated
A:  Stat  Mech  App.
05.034

84. Hu DK, Mower A, Shrey DW, Lopour BA. Effect of interictal epileptiform
discharges on EEG-based functional connectivity networks. Clin Neurophysiol.
(2020) 131:1087-98. doi: 10.1016/j.clinph.2020.02.014

Smith RL, Rostas
the maturational
epilepsy.  Physica
10.1016/j.physa.2005.

OA, Hyslop W, Gerlach R,
M. Quantitative EEG analysis of
with  childhood  absence
(2005)  356:184-9.  doi:

frontiersin.org


https://doi.org/10.3389/fneur.2022.960454
https://doi.org/10.1111/epi.16305
https://doi.org/10.1016/j.cmpb.2005.06.012
https://doi.org/10.1016/j.cmpb.2005.06.005
https://doi.org/10.1007/978-3-319-02913-9
https://doi.org/10.1016/j.physa.2005.05.034
https://doi.org/10.1016/j.clinph.2020.02.014
https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org

	EEG biomarkers for the diagnosis and treatment of infantile spasms
	Introduction
	Visual inspection
	Diagnosis
	Hypsarrhythmia
	BASED score
	Fast oscillations

	Treatment response
	BASED score

	Outcome prediction
	EEG patterns
	BASED score


	Computational analysis
	Diagnosis
	Amplitude and spectral power
	Entropy
	Functional connectivity networks
	Fast oscillations and high frequency oscillations
	Long-range temporal correlations
	Phase-amplitude coupling
	Classification using combined metrics

	Assessment of treatment response
	Functional connectivity
	Power and coherence
	Long-range temporal correlations
	High-frequency oscillations and fast oscillations
	Entropy

	Prediction of treatment response and relapse
	Functional connectivity
	Power and coherence
	High frequency oscillations
	Entropy


	Discussion
	Diagnosis
	Treatment response
	Outcome prediction
	Prediction of initial treatment response using pretreatment EEG
	Prediction of subsequent relapse in treatment responders

	Gaps in knowledge and future directions

	Author contributions
	Funding
	Conflict of interest
	Publisher's Note
	References


