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A Review of Network and Computer Analysis
of Epileptiform Discharge Free EEG to
Characterize and Detect Epilepsy

Caitlin West1, Wessel Woldman2, Katy Oak3, Brendan McLean3 ,
and Rohit Shankar1,4GQ1

¶

Abstract
GQ2

¶
Objectives. There is emerging evidence that network/computer analysis of epileptiform discharge free electroencephalograms
(EEGs) canAQ1

¶
be used to detect epilepsy, improve diagnosis and resource use. Such methods are automated and can be performed

on shorterGQ4
¶

recordings of EEG. We assess the evidence and its strength in the area of seizure detection from network/computer
analysis ofGQ5

¶
epileptiform discharge free EEG. Methods. A scoping review using Preferred Reporting Items for Systematic Reviews

and Meta-Analyses (PRISMA) guidance was conducted with a literature search of Embase, Medline and PsychINFO. Predesigned
inclusion/exclusion criteria were applied to selected articles. Results. The initial search found 3398 articles. After duplicate
removal and screening, 591 abstracts were reviewed, 64 articles were selected and read leading to 20 articles meeting the requi-
site inclusion/exclusion criteria. These were 9 reports and 2 cross-sectional studies using network analysis to compare and/or
classify EEG. One review of 17 reports and 10 cross-sectional studies only aimed to classify the EEGs. One cross-sectional study
discussed EEG abnormalities associated with autism. Conclusions. Epileptiform discharge free EEG features derived from network/
computer analysis differ significantly between people with and without epilepsy. Diagnostic algorithms report high accuracies and
could be clinically useful. There is a lack of such research within the intellectual disability (ID) and/or autism populations, where
epilepsy is more prevalent and there are additional diagnostic challenges.
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Introduction

Epilepsy and Electroencephalography

Electroencephalography (EEG) records brain activity and is
used to support the diagnosis of epilepsy, classify epileptic syn-
dromes, help guide pharmacological management and in pre-
surgical evaluation.1 The National Institute for Health and
Care Excellence (NICE) recommends that a standard EEG
recording is performed after 1 or 2 seizures if the clinical
history suggests that the events could have an epileptic
basis.2 A standard EEG recording usually takes 20–40 min.
The use of electroencephalograms (EEGs) in epilepsy was
reviewed by Smith.1 The likelihood of capturing a seizure on
a standard EEG is low, and enhancing stimulus such as hyper-
ventilation and photostimulation may be used to trigger epilep-
tiform activity.1 Recordings are reviewed for the presence of
epileptiform activity; most commonly they contain interictal
epileptiform discharges (IEDs), which are present on the first
EEG recording in up to 65% of people subsequently diagnosed
with epilepsy. Repeat, sleep-deprived and prolonged EEG
recordings increase sensitivity to 80% to 90%.1 An EEG has

a relatively high specificity (78%-98%) but low sensitivity
(25%-56%) for the diagnosis of epilepsy.1

Network and Computer EEG Analysis

Automated computerized methods, which include network
analysis and machine learning, are being used to classify
EEG from shorter recordings and do not require the presence
of visual epileptiform discharges.3 There are machine-learning
approaches, which aim to automatically identify and classify
spikes, discharges, or other IEDs from long-term EEG.4-6
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Aim

The main aim of this study was to assess the evidence and its
strength in the area of epilepsy detection from network analysis,
and other computer analysis methods, of interictal EEG.

Methods

This was a scoping review conducted using PRISMA guidance.
A search of Embase, Medline and PsychInfo was performed
using Healthcare Databases Advanced Search with terms relating
to computer/network analysis, EEG, and epilepsy. The full list of
terms used is provided in Supplemental Appendix A. Results
were limited to full reports published in English from January
2008 to December 2018 so only recent material was included.
No other sources were used.

Screening was separately performed by 2 coauthors. After
the initial screening of titles for relevant articles, abstracts
were screened using predefined eligibility criteria by both and
differences in selection (n= 1) was reconciled by consensus.

Criteria

Studies were included if they used resting-state/interictal EEG
and excluded if they studied exclusively preictal/postictal
and/or ictal EEG. Studies were excluded if they used functional
magnetic resonance imaging (fMRI) or an investigation other
than EEG for analysis and if they used the presence of IEDs
to classify the EEG. Papers were included if they reviewed or
included primary data.

Results

The initial search identified 3398 articles which when examined
by title for relevance, and duplication resulted in 591 abstracts
being screened. Sixty-four papers were read in full and the eli-
gibility criteria applied. A flowchart of the search process is
provided in Supplemental Appendix B.

Twenty articles have been included and are detailed in
Supplemental Appendix C.7-26 Thematic analysis was used to
analyze these papers looking into the network analysis, classi-
fication, and influence on special populations. Nine reports
and 2 cross-sectional studies use network analysis to compare
and/or classify EEG. The results from these papers are com-
pared by network feature in Supplemental Appendix D. One
review of 17 controlled trials and a further 10 cross-sectional
reports, including 2 which use network analysis, aim to classify
the EEG. One cross-sectional study also discusses EEG abnor-
malities associated with a special population of autism.

A review by Acharya et al7 includes promising results from
17 articles and is particularly significant to this review. Across
the studies using network analysis, the differences between
analysis methods, and the differences in results, particularly
between papers analyzing the same network feature, are
notable findings. Of these studies, a systematic review and

meta-analysis by van Diessen et al,25 which includes results
from 13 articles, provides particularly strong evidence regard-
ing 2 of the network features assessed. However, these results
are limited by differences in methodology across the included
studies.

Summary of Review Findings

Network Analysis

In network analysis, the electrodes of the EEG are modeled as
nodes of a network.27 A connection between 2 nodes is typi-
cally quantified by comparing the relationship between the
signals from 2 electrodes. After a network is derived from the
electrophysiological recording, graph measures can be used to
capture properties of the network structures, which can then,
in turn, be used as potential markers in comparing patients
and controls.28 Connectivity, mean degree, path length, and
clustering coefficient are the network features used most com-
monly across the included studies. Nine individual studies
found significant differences between the interictal EEGs of
people with epilepsy in the features included in Supplemental
Appendix D.

A study found no significant differences in any network
feature between patients and controls, but created a successful
classifier through a combination of different network features.23

A later report by the same group also found no significant dif-
ferences in path length and clustering coefficient, but a different
network measure (minimum spanning tree) was significantly
different between patients and controls.24

The results for individual network features are commonly
presented as a pattern of increased/decreased feature values,
dependent on anatomical location and frequency of the EEG,
rather than as an overall value. An example of this is connectiv-
ity, the feature that is most commonly investigated and this was
the case in 7 of the included studies. As shown in Supplemental
Table 2, results vary widely. Connectivity is calculated and rep-
resented in a variety of ways, which include synchronization,
coherence, and outflow. One study investigated the EEGs of
people with temporal lobe epilepsy (TLE) and found that
they had decreased functional connectivity in the default-mode
network regions, which are reported to be involved in TLE.14

Whereas 1 study reported increased synchronization likelihood
in people with epilepsy.11

Generally, individual papers report significant differences in
the network features of patients and controls, but results across
the 11 reports are varied. This may well be due to significant
methodological heterogeneity, discussed under ‘General
limitations.’

The included studies suggest that network analysis can esti-
mate differences between interictal EEG from people with epi-
lepsy and from healthy controls. There are, however, no studies
that classify EEG using network analysis, and there is little con-
sensus on the ‘best’ way to apply network analysis with regard
to feature calculation and selection.

2 Clinical EEG and Neuroscience 0(0)



Classification

Twelve reports involve the classification of EEG. This
includes 1 review of 17 articles and reports of 10 cross-sectional
studies. The review7 and a further 6 cross-sectional
studies10,12,14,16,20,23 highlighted that interictal and healthy EEG
could be classified with over 90% accuracy. This level of accu-
racy suggests that computer analysis of interictal EEG could be
clinically useful. The classification studies use a wideAQ2

¶
variety

of methods to differentiate the healthy and interictal EEGs,
which include nonlinear feature extraction and network analysis.

Studies in Special Populations

There is an increased prevalence of epilepsy in people with ID
(15%-30%).29 Prevalence is also increased in people with
autism.30 There are diagnostic challenges within these popula-
tions as an EEG recording can be distressing for some people
and there may be no cooperation. Nonepileptic events may be
misinterpreted which may lead to misdiagnosis.29 There are
also suggestions that people with ID and/or autism may have
existing EEG abnormalities that are independent of epilepsy.31

Machine learning has been applied in the area of EEG analysis
for the diagnosis of autism. A recent study used a machine-
learning method to distinguish EEG from children with
autism and those with other neuropsychiatric diagnoses, such
as attention deficit hyperactivity disorder, as well as children
developing typically, with an accuracy of 95%.32

A search was performed to look for reports that compared
and/or classified interictal EEG from people with epilepsy
and EEG from people without epilepsy, in the ID and/or
autism populations. No reports were identified.

Limitations of the Studies Reviewed

Methodological differences between studies make comparisons
difficult. Epilepsy syndrome and/or seizure type of the popula-
tion considered vary across the items. Visually, epileptiform
activity differs between epilepsy types.1 Classification
methods are likely to need significant adaptation to different
epilepsy types. Differences may arise due to choice of specific
network derivation method (linear, nonlinear, phase based or
amplitude based), choice of epochs and epoch length, referenc-
ing method, sampling rate, and frequency bands.

This is particularly significant, as many of the classifiers use
machine learning, in which a classifier is ‘trained’ on a data set.
Such classifiers are vulnerable to sensitization to an individual
data set, which would reduce the probability of successful clas-
sification when applied to new out-of-sample EEG recordings.
Seventeen articles in 1 review and a further 3 cross-sectional
reports use the same EEG data set from the University of
Bonn to analyze and/or test their classification method.
Training and/or testing on a wider EEG data set would ensure
that classifiers are applicable to a wider variety of EEG data
as would be seen in a clinical setting.

The method used to record the EEG also differed between
studies, and was performed with varying numbers of electrodes.
The University of Bonn data set was produced from intracranial
EEG, which limits the applicability of the results to standard
EEG.

Limitations of This Study

This scoping review had a focus on network analysis, and it is
beyond the scope of this review to provide a comparison of
other methods. Articles using fMRI for analysis were excluded
from this study, as EEG alone is more suitable for a standard
diagnostic test (due to lower cost, etc). These studies may
provide further insight into measurable differences between
the brains of people with epilepsy and those without.

Conclusion

There are suggestions that network analysis can be used to dif-
ferentiate interictal EEG in people with epilepsy from findings
in healthy controls. Classification methods using network anal-
ysis and other methods are highly accurate in trials. Generally,
the results are limited by significant methodological variability,
and further research using standardized methodology and wider
EEG data sets is required to assess the reproducibility of results
from individual studies. There is a lack of research within the
ID/autism populations, where such methods would arguably
be most useful, as the prevalence of epilepsy is increased
within these populations and there are additional diagnostic
challenges.
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