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Abstract
To aid seizure detection in sick neonates, our group has developed an automated seizure
detection algorithm (ANSeR) and published initial performance results.
In this thesis a validation study of the performance of ANSeR on a large unedited, unseen
dataset of 70 EEGs from 2 institutions is presented. Results indicate that ANSeR sensitivity
thresholds between 0.5-0.3 provide performance considered acceptable for clinical use with
seizure detection rates of 52.6-75% and false detection rates of 0.04 -0.36 FD/h respectively.
To determine the features of seizures affecting automated detection, a subset of 20 EEGs
from the validation study were selected and seizures were manually analysed using a novel
set of 10 criteria. Using multivariate analysis, 4 seizure features were found to affect
automated detection including; seizure amplitude, duration, rhythmicity and propagation.
The main causes of false detection were also characterised and quantified leading to an
adaptation of the algorithm with improved performance.
Observations suggest that phenobarbitone, a first line anticonvulsant, may affect seizure
morphology and potentially the performance of ANSeR. Using similar seizure analysis
criteria to compare pre and post phenobarbitone seizures, it was shown that post
phenobarbitone seizures were both lower amplitude and showed reduced propagation but
the performance of ANSeR was unaffected.
As well as an ongoing quantification of seizure burden, it is important that automated
algorithms detect seizures soon after onset to facilitate prompt treatment. Results of
retrospective analysis of seizure detection by ANSeR here suggests that the use of ANSeR
may reduce the latency of first treatment after seizure onset by 30-40 minutes at clinically
relevant ANSeR thresholds, compared to current practice.
As rhythmic artefacts and other sources may result in ANSeR false detections, clinicians
reviewing the EEG as a result of ANSeR detections must decide if the detection is a true
seizure or a false detection. A training resource developed by the author improved the
ability of clinical staff to discriminate true seizures from false detections in a randomised
study.
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Chapter 1: Introduction
Neurologically sick new-born babies with conditions such as hypoxic ischaemic
encephalopathy (HIE), meningitis and stroke are at high risk of seizures. There is
accumulating evidence from animal models (1) and human studies (2) that neonatal seizures
impose additional damage to the brain above and beyond the underlying aetiology. Prompt
detection and treatment of seizures is therefore of paramount importance to optimize
developmental outcome.
Detection of seizures on clinical grounds is poor, partly because as much as 85% of neonatal
seizures are clinically silent (3) and also because of over/underdiagnosis of clinical signs,
which are often not specific (4). Electroclinical uncoupling is a phenomenon that may occur
in neonatal seizure whereby the clinical manifestations of seizures are lost after
anticonvulsant medication but electrographic seizures persist, and without
neurophysiological monitoring there may be a false assumption that seizures are controlled.
Amplitude integrated electroencephalography (aEEG) is a compressed trend of the
amplitude of one or two channels of raw electroencephalogram (EEG) and is used by many
neonatal units due to its simplicity, however due to the limited electrode coverage of the
head and the emphasis on the trend rather than the raw EEG, comparison of seizure
detection rates using EEG vs aEEG by non-experts has shown that approximately half the
seizures seen on EEG are missed using aEEG alone (5)
The raw EEG gives a readout of real-time brain activity from multiple recording sites on the
head and is the only reliable means of detecting electrographic seizures (6). NICUs are
increasingly adopting prolonged EEG monitoring of babies at risk of seizures; these
recording may last hours or days, particularly for babies with HIE who are therapeutically
cooled for 72 hours. EEG however is a complex signal, prone to rhythmic artefacts
mimicking seizure patterns and requires highly trained experts to review the data and
identify seizures. Neurophysiologists and clinical physiologists however are generally not
available during unsociable hours and clinicians lack EEG training and many feel
unsupported in interpretation. There is a high risk in this instance of seizures being missed
or artefacts being misinterpreted as seizures.
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There is therefore a pressing need to develop reliable and robust automated seizure
detection methods for full multi-channel neonatal EEG. To meet this need a novel
automated seizure detection algorithm (SDA), the Algorithm for Neonatal Seizure
Recognition (ANSeR), has been developed for term babies by the Neonatal Brain Research
Group (NBRG) (Wellcome grant number 085249/Z/08/Z) based on analysing 55 features of
seizures and using a learning neural network classifier for decision making (7) (Note. The
initial alpha version of ANSeR was designed primarily by Andrey Temko in collaboration with
members of our group. Sean Mathieson was not involved in the design of the alpha version
of ANSeR).
When developers design novel SDAs they often release performance results on small or
selected or even synthetic datasets (digitally constructed data to mimic EEG) (8-10) which
may not represent either the full range of seizure types or the range of possible
confounding artefacts incurred in typical recordings. Additionally for algorithms such as
ANSeR, where a learning algorithm such as a support vector machine (SVM) is employed to
classify seizures, the initial testing dataset may also be the dataset that the algorithm is
trained on to learn about the features of seizures. A ‘leave one out’ methodology may be
used, whereby the algorithm is tested on one EEG and the remaining EEGs are used to train
the algorithm (7;11). The process is repeated for each EEG and the results averaged. To
demonstrate the expected performance of the algorithm in ‘real world’ situations, it is
necessary to follow up these initial results with testing on large, unedited, unseen datasets,
in ‘validation’ studies.
Ideally, to truly compare the performance of different SDAs, it would be optimal to test
them all on a single, large, representative, publically available EEG dataset. Unfortunately
this dataset does not currently exist. Temko (12), has also highlighted the importance of a
comprehensive and equivalent set of metrics with which to compare the performance of
SDAs. Some papers report event based metrics including seizure detection rates with
concomitant hourly false detection rates, which are useful for clinicians to determine the
proportion of seizures expected to be detected with an indication of how often the SDA is
likely to false alarm. Others may report sensitivity and specificity based on epoched data,
which gives an indication of the amount of EEG correctly or incorrectly identified as seizure.
This is an engineering metric which gives, in some sense, a more comprehensive measure of
19

SDA performance, but is of less interest to clinicians. Temko has also suggested that receiver
operator characteristic (ROC) curves in systems with multiple performance thresholds may
provide a more effective way of comparing SDAs. In ROC curves sensitivities are plotted
against specificities thus the trade-off between the two parameters can be estimated by the
area under the curve (AUC) and AUCs between different SDAs compared.
Any assessment of the algorithms performance involves comparison of the algorithm’s
detection annotations against a ‘gold standard’ which are the seizure annotations of an EEG
expert such as a clinical physiologist or consultant neurophysiologist, thus the ability of the
expert to identify seizures correctly is crucial to the assessment process.
In order to make targeted improvements to the ANSeR seizure detection algorithm,
developers specifically need to know the ‘type’ or ‘nature’ of seizures being detected or not.
To characterise seizures a comprehensive set of analytical criteria are essential in order to
quantify the various aspects of seizures. In addition there are multiple sources of artefact
incurred from recording in the neonatal unit which may cause false detections. These need
to be characterised for their sources and their rate of occurrence quantified in order for
developers to design strategies for the SDA to deal with them. With their extensive
knowledge and experience of neonatal EEG, clinical physiologists are well suited to conduct
this analysis. Both the types of seizures being detected or not and the causes of false
detection tend to only receive partial or anecdotal attention in previous SDA performance
analysis papers.
To get the best results from ANSeR it is important, for both developers and indeed users, to
know how different conditions and factors will affect the performance of ANSeR. Our
observations suggest that anticonvulsants such as phenobarbitone affect the morphology of
seizures. If seizure morphology changes after medication, this may affect the seizure
detection performance of ANSeR. Hence it is important to examine this in order that users
can be aware of any change in ANSeR performance and potentially take compensatory
measures. For example, as the sensitivity threshold of ANSeR is adjustable, if ANSeR
performance to detect seizures after anticonvulsants is reduced, ANSeR threshold settings
may require revision.
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To be of value to the user, the goals of any SDA, relative to the current clinical practice of
periodic EEG review, are twofold; firstly to detect electrographic seizures as soon as possible
after onset, allowing prompt antiepileptic drug (AED) treatment which may reduce seizure
burden (13;14) and limit potential damage caused by seizures (15;16), and secondly to give
an accurate quantification of the on-going seizure burden allowing AEDs to be titrated
accurately and without excess. Our group have previously published basic performance
metrics of the ANSeR algorithm (7;11;17) and a further validation study is presented in
study 1 of this thesis (18) which suggest ANSeR achieves a sufficient level of performance for
clinical use. While basic metrics such as seizure detection/false detection rates give a
measure of the how well ANSeR performs to detect ongoing seizures, they do not
specifically address the question of how well the onset of seizures is detected.
The purpose of ANSeR is to act as a support tool for clinicians, raising awareness of potential
seizures. The practicality of this is that ‘detections’ by ANSeR of potential seizures will act as
a prompt for clinicians and neurophysiologists to review the EEG. At this point users will still
have to decide whether a ‘detection’ is a true seizure or a false detection caused by an
artefact or other source. It is likely that clinicians would benefit from a training resource
prior to use of ANSeR, highlighting the different characteristics and morphologies of
neonatal seizures and the various forms of artefact that may cause false detection. Such
training should lead to an increased number of babies being treated appropriately and
fewer treated inappropriately and also should increase confidence in using ANSeR.

Aims and objectives
The aim of this thesis was firstly to validate the performance of the ANSeR on a large,
unedited EEG dataset and further to explore several neurophysiological aspects of the
performance of ANSeR in order to ascertain its strengths and weaknesses in practice, to
inform users and guide targeted modification of the algorithm. The specific objectives are
outlined below.
Objective 1: The objective of study 1 was to validate the performance of ANSeR on a large,
unedited, unseen dataset of 70 EEGs recorded from two institutions.
21

Objective 2: The main objective of study 2 was to introduce a methodology for quantifying
seizure characteristics by manually scoring multiple characteristics of seizures and to use
this methodology to examine the factors affecting seizure detection by ANSeR. In addition
the causes of ANSeR false detection were characterised and quantified.
Objective 3: The main objective in study 3 was to examine the effect of phenobarbitone on
the characteristics of seizures using a similar methodology of seizure analysis as in study 2 to
determine differences in seizures pre- and post- phenobarbitone administration, and
further, to investigate possible effects of any changes in seizure characteristics on ANSeR
seizure detection rates.
Objective 4: The objective in study 4 was to assess the performance of ANSeR in detecting
the onset of seizures over the range of ANSeR sensitivity thresholds with concomitant early
false detection rates and to assess whether the use of ANSeR would lead to reduced drug
treatment times after the onset of seizures, compared to the current practice of periodic
EEG review.
Objective 5: The objective in study 5 was to devise a training resource for users of ANSeR to
aid differentiation between true seizures and common sources of ANSeR false detection.
This should result in more babies being treated correctly based on detections by ANSeR. To
assess the benefit of this training, two tests were prepared for clinical staff, containing
examples of true seizures and false detections. In the ‘treatment’ arm test subjects sat one
test, then received training, then were tested again. In the control arm test subjects sat both
tests, then received training, to examine possible effects of performing the test twice on
performance scores. The sequence of performing the tests was randomised in both arms to
control for possible differences between the two tests.
The remainder of this chapter describes the background to neonatal seizures and detection:
Section 1.1 will discuss neonatal electroencephalography and recording EEG, section 1.2 will
discuss the appearance of the normal EEG during preterm and term, section 1.3 will discuss
the aEEG, section 1.4 will discuss the effects of sedation and AEDs on the EEG, and section
1.5 will discuss neonatal seizures and section 1.6 will discuss the various methods of
detecting seizures including automated seizure detection. Chapter 2 will discuss study 1.
‘Validation of an automated seizure detection algorithm for term neonates’. Chapter 3 will
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discuss study 2: ‘In depth performance analysis of a novel seizure detection algorithm for
neonatal EEG’. Chapter 4 will discuss study 3 ‘Phenobarbitone reduces EEG amplitude and
propagation of neonatal seizures but does not alter performance of automated seizure
detection’. Chapter 5 will discuss study 4: ‘Early seizure detection performance of a novel
automated seizure detection algorithm for neonatal EEG should lead to earlier antiepileptic
drug treatment’. Chapter 6 will discuss study 5 ‘Improving cotside clinical decision making
following automated detection of neonatal seizures’. In Chapter 7 concluding remarks will
be made.
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1.1. Neonatal Electroencephalography
The first recording of the EEG of man was made by the Psychiatrist Hans Berger working in
Jena in 1929, recording from frontal and occipital region of the brain in surgery patients.
Since that time, and particularly after the 2nd World War, there was a rapid expansion of
EEG in both research and clinical contexts. The historical aspects of EEG have been reviewed
by Cooper et al. (19). The EEG provides a unique window on brain function and although
some early functions such as detecting structural lesions, for example brain tumours, have
been supplanted by more modern brain imaging techniques such as MRI, there is no other
technique suitable for clinical use that provides the temporal resolution and ‘real time’
readout of brain function of EEG. While magnetoencephalography also provides a trace of
ongoing electrical brain activity, the cost of the recording equipment and the fact that it is a
static device housed in a recording room, makes it impractical for widespread clinical use.
EEG therefore remains an invaluable clinical tool to evaluate and monitor on-going brain
activity and seizures.
1.1.1 The origin of the EEG
The EEG is a graphic representation of the difference in electrical potential between two
cerebral areas plotted over time (20). The EEG is derived primarily from the generation of
post synaptic potentials (PSPs) (21), rather than action potentials, although of course it is
the presynaptic action potential that results in ionic currents causing PSPs. The polarity of an
EEG wave as recorded from the surface of the scalp, is dependent on the net charge of the
interstitial fluid in the region closest to the cortical surface (22). Electrical charge from this
region is conducted through the meninges, scalp and skin to the electrode, a process known
as volume conduction, and is filtered and attenuated in the process.
The net charge in the interstitial fluid is dependent on the net excitatory post synaptic
potentials (EPSPs) and inhibitory post synaptic potentials (IPSPs) arriving at the millions of
dendritic post synaptic membranes in that region of cortex. The principle for excitatory
inputs is illustrated in figure 1. Cortical excitatory pyramidal cells oriented perpendicular to
the cortical surface are modelled as a dipole. In A, an excitatory action potential arriving
from the thalamus synapses onto the proximal (to the cell body) portion of the dendrite
releases glutamate and causes opening of Na+ channels in the post synaptic dendritic
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membrane. Influx of Na+ into the dendrite increases the internal positive charge whilst
leaving a net negative charge in the interstitial fluid around the synapse. A Na+ current runs
up the axon and exits to the interstitial fluid proximal to the cortical surface leaving a net
external positive charge which is then conducted to the electrode and displayed as a
downward deflection. A different situation occurs in B where an excitatory axon synapses
onto the distal portion of the dendrite. Here the influx of sodium into the post synaptic
membrane leaves a net negative charge in the interstitial fluid proximal to the cortical
surface, which is conducted to the electrode and displayed as an upward deflection.
Polarities are reversed for inhibitory inputs which primarily synapse onto proximal dendrites
or cell bodies (not shown).

A

B

Fig 1. The origin of EEG potentials (From Olejniczak (20)). A) A thalamic input to the proximal
dendrite causes a positive downward EEG deflection. B) An input to the distal dendrite causes a
negative upward EEG deflection.

The surface of the cortex is highly convoluted into a series of gyri and sulci which creates
orientations of neuronal dipoles both radial and tangential to the scalp, as illustrated in
Figure 2. As radial dipoles tend to be closer to the scalp, and therefore the recording
electrode, they tend to make a larger contribution to the EEG, whereas tangential dipoles
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often have to travel through larger regions of tissue before reaching the scalp and are
therefore attenuated.

Fig 2. Schematic of a brain cross section showing 4 dipole generators. Dipoles 2 and 3 are orientated
radially to the scalp whereas dipoles 1 and 4 are orientated tangentially. (from Olejniczak (20))

Figure 3 illustrates how bursts of action potentials from excitatory inputs at the synapse
create ‘waves’ of post synaptic and extracellular activity registered as EEG waves. In the
figure, intracellular recording from two afferent fibres E1 and E2 synapsing onto two cortical
pyramidal cells show bursts of coordinated action potentials. As explained above, arrival of
bursts of action potentials at the axon terminal causes release of neurotransmitter, opening
of post synaptic ion channels and ‘waves’ of Na+ mediated ionic current into the
postsynaptic dendrite as recorded at E3 and E4, leaving a wave of –ve charge in the
interstitial fluid which is conducted to the electrode E5. It must be remembered that the
recording area under each electrode contains millions of neurons. If various excitatory and
inhibitory inputs to this area occurred temporally in a random fashion, then the net charge
in the interstitial fluid would approximate to zero and no deflections would be recorded on
the EEG. The fact that the EEG itself oscillates with various frequencies, suggests that inputs
to cortical areas are coordinated, as illustrated by the temporally coordinated bursts of
action potentials in the two inputs E1 and E2 in figure 3.

26

Fig 3. Generation of EEG waves. Bursts of action potentials in afferent fibers (1,2) induce ‘waves’ of
depolarisation (Na influx) in the post synaptic membrane (3,4) and electro-negativity in the
extracellular space and at the surface EEG (5a,b). (From Niedermeyer, (23)).

1.1.2 The oscillatory nature of the EEG
For descriptive purposes the EEG is divided into frequency bands namely:


Delta- 0-3Hz



Theta- 4-7Hz



Alpha- 8-13Hz



Beta- 14-30Hz



Gamma -30Hz +

These frequency bands adequately describe the frequencies recorded from the scalp.
However, much faster oscillations can be recorded from the cortical surface and depth
electrodes up to 600Hz.
Some rhythms are well defined, localised and discrete in older children and adults such as
sleep spindles or the so called ‘idling’ rhythms including the alpha rhythm seen over the
occipital region on eye closure and the Mu rhythm seen over the motor region during motor
inactivity. A feature of the EEG in the alert waking adult is fast, rhythmic, low amplitude
beta activity seen over widespread areas. Other rhythms are less well defined in terms of
focality and rhythmicity such as the widespread semi-rhythmic rolling slow waves of nonREM sleep. While some of the EEG consists of isolated, apparently random potentials, much
of the EEG shows oscillations of varying lengths and frequencies. This is also true of the
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neonatal EEG. Figure 4a shows a section of EEG from a term baby which clearly shows
various intermixed rhythmic activities including semi-rhythmic delta waves, rhythmic theta
and alpha/beta frequencies. In the developing brain of preterm babies oscillations are also
clearly apparent, such as the ‘delta brush’ consisting of a fast 8-25Hz oscillation nested in a
delta slow wave (Fig 4b).

A

B
Fig 4. The oscillatory nature of the EEG. A) Rhythmic delta, theta and alpha/beta frequencies in a
term baby. B) Delta brush activity in a preterm baby.
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No understanding of the EEG can be complete without some explanation of the role of
these rhythms and it may be that different rhythms subserve different functions.
Sleep spindles, for example, which start to develop from several months of age, have been
shown to have an information gating function (24). Thalamocortical neurons can have two
modes of action, a tonic action seen during waking, where sensory information is reliably
relayed to the cortex via the thalamus for processing, or a repetitive bursting action during
sleep spindles in which no information is conveyed. The rhythmic bursting action of
thalamocortical neurons is controlled by pacemaker neurons in the reticular nucleus of the
thalamus, the activity of which is controlled by cholinergic input from the brainstem which
ultimately controls sleep and arousal.
To explain neural function in a cognitive context, Donald Hebb (25) first proposed the
concept that a concurrently firing group of connected neurons, the ‘cell assembly’
represented a distinct cognitive entity, an observed object, for example, or features of it. He
further proposed that concurrent firing would strengthen the connections between those
neurons (‘cells that fire together, wire together’) such that later firing of a subset of the
assembly would cause firing of the whole assembly, providing a mechanism for recall. Such
a process would require a means of synaptic strengthening which has subsequently been
well characterised as Long Term Potentiation (LTP) (26) which is dependent on the unique
properties of the NMDA receptor.
To define a cell assembly as firing together under which synaptic strengthening can occur,
some timeframe must be imposed. Buzsaki (27) has proposed that population oscillations
such as gamma and hippocampal theta rhythms, reliant on inhibitory interneurons for their
generation, provide a way of defining and separating different cell assemblies representing
different aspects of a cognitive entity or different entities. In this way Buzsaki suggests that
these rhythms provide a form of ‘neural syntax’ discretising and quantising information in
the same way that spaces and punctuation do in a sentence. He introduces the concept of
‘reader cells’ as the targets for cell assemblies. For example, the visual presentation of an
orange may evoke the firing of subsets of neurons describing its roundness and colour. A
downstream reader cell representing that orange would only fire when the upstream cell
assemblies converging on it, were concurrently active. The rhythmic population activity
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periodically elevates the membrane potential of the target cell to near threshold providing
discrete windows of opportunity of the reader cell to respond to the concurrent firing of the
upstream cell assembly. Inputs to the reader cell from other neurons slightly early or later
during the hyperpolarising phase of the population rhythm would then be ignored.
Faster oscillation in the beta/gamma range also allows cell assemblies of features processed
in different cortical areas, perhaps coding for the shape, colour, smell and location of an
object that are connected by long range connections to be combined into a functional unit,
so called ‘feature binding’ (20).
Another concept discussed by Buzsaki is hierarchical or nested oscillations such that
overlying slower oscillations control broad excitability facilitating or inhibiting faster
oscillations. This phenomena has been found in sleep spindles which are found on the
upward excitatory phase of underlying slow delta frequencies in sleep (24).
The delta brush, previously described in preterm babies, is a similar ‘nested’ oscillation. The
occurrence of delta brushes in the developing somatosensory cortex have been shown to be
generated by sensory feedback both from endogenous spontaneous sources and from
somatosensory feedback from spontaneous limb movements (fig 5), which in turn are
generated in the brainstem in premature babies and rats (28;29). While the general
somatotopic body map develops without sensory input, the fine tuning linking peripheral
muscle receptors and sensory receptors to their cortical targets involves sensory input.
These rhythms are generated by the subplate, a transient structure involved in connecting
thalamic projections to their cortical targets during development (30). It is intuitive that
these oscillations may have a similar role to those described above, such that concurrently
firing peripheral inputs are correctly matched to their cortical targets thus refining the
somatotopic cortical map. Such may be the function of the spindle like brush components of
the delta brush. A similar process occurs in the developing visual system (31), where
spontaneous retinal waves drive mapping of the visual cortex, also eliciting occipital delta
brushes, before further fine tuning once vision is established after birth.
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Fig 5. Cortical delta brushes follow spontaneous hand movements in human neonates. Top trace
shows muscle activity of hand movement, middle trace shows raw EEG with delta brush following
hand movement, lower trace shows EEG trace filtered to remove slow activity. (From Milh and
Khazipov, (28))

While the EEG at times appears to consist of a random collection waves, particularly in the
waking state where slower rhythms become ‘desynchronised’, these studies indicate that
oscillation is central to brain function and part of the random appearance of the EEG may be
due the interference of concurrent rhythms of different frequencies (32).
There are also many waveforms on the EEG that do not appear to be part of an on-going
rhythm. Many of these are potentials evoked by afferent input triggered by external
phenomena. There is a whole field of neurophysiology dedicated to evoking cortical
potentials from repetitive sensory stimuli in order to test the integrity of sensory pathways
from periphery to cortex. Because potentials evoked by single stimuli tend to get masked by
the background ‘noise’ of the EEG, ‘evoked potentials’ rely on repetitive stimuli and
segmenting and averaging epochs of EEG to cancel out the ‘noise’ and reveal the timelocked evoked potential. This is not to say that single stimuli, generated experimentally or
by natural phenomena, cannot evoke visible potentials on the EEG. The Lambda wave, for
example, is a clearly visible, triangular, +ve wave seen in the occipital region, elicited by the
cessation and refocusing of vision at the end of a visual saccade (33). While single afferent
potentials do not always stand out from the background EEG in terms of amplitude, they
undoubtedly contribute to the background activity. Other isolated potentials on the EEG are
almost certainly internally generated potentials, requiring no afferent sensory information,
but representing on-going cognitive processes such as memory recall and planning. The
contribution of these different sources to the EEG is illustrated in fig 6.
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Fig 6. Sources contributing to the EEG. Three concurrent endogenous rhythms of different frequency
(a,b,c) may summate or interfere introducing variability. If isolated potentials from exogenous
stimuli (VEPs, Lambda waves) and endogenous cognitive processes are added, the resulting EEG
displays both areas of rhythmicity and more irregular ‘random’ activity.

1.1.3 Recording the neonatal EEG
1.1.3.1 Signal acquisition
Signal acquisition in EEG involves detecting the tiny analogue electrical brain potentials
recorded from scalp electrodes, measured in microvolts (µV), and converting them to digital
signals for storage and display. The basic processing steps are outlined in figure 7.
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Fig 7. EEG signal acquisition.

Physical laws governing electronics necessitating a circuit require that the EEG can only
record the differential electrical potential between two electrodes. This continuous
differential analogue signal is first amplified to bring it into a voltage range for later
analogue to digital conversion by the analogue to digital converter (ADC). It is then filtered
with a bandwidth of 0.5 to 70Hz to remove very slow frequencies which would cause ‘drift’
of the EEG trace and fast frequencies to prevent aliasing, where recording errors are
introduced when recorded frequencies exceed the sampling rate of the ADC, and to remove
some contamination from fast muscle artefact (n.b. EEG recording machines may employ
both analogue filtering before ADC conversion and/or digital filters after ADC conversion).
The EEG can also be filtered with a ‘notch’ filter which specifically removes 50Hz AC artefact
from mains interference. Analogue to digital conversion (Fig 8) involves ‘sampling’ the
continuous analogue signal, typically at rates of ~250/sec, and generating binary values for
each sample which can then be stored on the hard drive and displayed on a VDU.
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Fig 8. Analogue to digital conversion. The original continuous analogue signal is sampled by the ADC
at ~250Hz and converted to binary values for digital storage or reconstructed for display purposes.
From http://www.azimadli.com/vibman/analogtodigitalconversion.htm

1.1.3.2 Montages and EEG display
As stated, the EEG displays the difference in electrical potential between 2 electrodes. The
EEG data is acquired in its’ raw state with each electrode recorded against a single
electrode, the ‘reference’ electrode (fig 9). As the reference is common to all channels, the
practical implication of this is that, if a poor connection exists at the reference, then all EEG
channels will show a poor quality trace.

Fig 9. Raw referential recording. The ‘raw’ EEG signal is obtained be recording the difference in
potential between each electrode and a single reference electrode.

After acquisition the data can be reformatted so the difference between any two electrodes
can be displayed (bipolar montage) or with each electrode referenced against the average
of all the other electrodes (common average montage). Each type of display has strengths
and weaknesses which are discussed by Cooper et al. (17).
With reference to the head, bipolar montages are commonly displayed either from anterior
to posterior or transversely across the hemispheres (figure 10). Again each display type has
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pros and cons, for example, characteristic waves of sleep such as sleep spindles and K
complexes are better viewed with a transverse montage to display phase reversal at the
vertex.

A

B
Fig 10. Bipolar montages. A) Anterior to posterior, B) transverse montages. Note the head diagrams
indicate the bipolar pairs of electrodes for each channel of EEG which correspond to the labels to the
left of the EEG panel.
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1.1.3.3 EEG convention.
In an electrode pair, the first electrode is designated ‘lead 1’ and the second ‘lead 2’. The
EEG convention is that a negative potential at lead 1 will be displayed as an upward
deflection on the EEG. EEG channels are displayed in chains and electrodes shared, such that
an electrode appearing as lead 1 in one bipolar pair may appear as lead 2 in the next
electrode pair. As the potential at lead two is now being subtracted from lead 1, a
downward deflection will occur. On stacked channels this leads to a phenomenon known as
phase reversal, which when seen, indicates the source of a potential (see fig 11). This is also
important when considering the morphology of seizures which may also be inverted on
some EEG channels.

Fig 11. Phase reversal. A negative potential at C4 is recorded as an upward deflection when C4 is in
the lead 1 position of the C4-P4 EEG channel and as a downward deflection when in the lead 2
position in F4-C4. On stacked EEG channels this appears as a phase reversal.

1.1.3.4 Electrode position
To obtain an assessment of activity in each cortical area, sufficient electrodes must be
applied in specific areas to provide suitable coverage. The signal amplitude of each bipolar
channel depends not only on the strength of the potential below each electrode, but also on
the distance between the electrodes. When assessing comparable areas of each hemisphere
for symmetry this means that the distance between the two electrodes in both pairs must
be equivalent. To meet these requirements electrodes are placed using a precise measuring
system. The most common measuring system is the 10:20 system which uses longitudinal,
transverse and circumferential measurements, to calculate percentages of 10 and 20% from
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landmarks on the head such as nasion, inion and pre-auricular point (fig 12). In this EEG
recording 21 electrodes are placed on the head plus a reference and ground electrode. For
sick babies in intensive care, due to smaller heads and the inherent difficulties of applying
this number of electrodes in this setting, a reduced number of electrodes is often used using
the same measurement rules (fig 13).

Fig 12. The 10:20 system of electrode placement. Measurements are made from bony landmarks of
the head and electrodes positioned at percentages of 10 and 20% of these distances (from
http://www.slideshare.net/akashbhoi12/eeg-53489764).

Fig 13. Neonatal electrode setup.
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As well as scalp electrodes, additional electrodes may be applied to the shoulders to record
the electrocardiogram (ECG), to muscle groups to record the Electromyogram (EMG) and
additional sensors applied to chest to record respiration. Additional ‘vital signs’ information
may also downloaded from the bedside monitoring unit including heart rate, oxygen
saturation and blood pressure. Modern EEG recording machines are also able to display
multiple ‘trend’ analysis of the EEG signal allowing a snapshot overview of changes in
parameters of the EEG over time such as amplitude or frequency content.

1.1.3.5 Artefacts and technical aspects of recording the neonatal EEG.
Artefacts refer to any waveforms on the EEG from a non-cerebral source and are a problem
both as they can obscure the underlying EEG making interpretation more difficult and, as
will discussed in later sections, where artefacts mimic the rhythmic patterns of seizures,
may represent a serious source of false detection for automated seizure detection
algorithms.
Artefacts may arise both from physiological sources (from the patient), or non-physiological
sources such as the plethora of electrical medical equipment surrounding the patient,
particularly in an intensive care environment.
One of the most common sources of undesired non-physiological artefact on the EEG comes
from 50Hz mains interference. Mains electricity runs through various items of monitoring
equipment around the baby and recording machine. Mains electricity has a 50Hz alternating
current. The principal of electromagnetic inductance dictates that any mains wire with a
50Hz current has an electromagnetic field at right angles to the direction of current flow (fig
14) which can induce a 50Hz current in a proximal wire such as the electrode wire. This
current will be displayed on the EEG and appears as a thickening of the EEG trace. When the
EEG display time base is expanded the 50Hz cycle becomes apparent (fig 15).
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Fig 14. The ‘right hand rule’ of electromagnetic induction. A current flowing through a wire
generates an electromagnetic field at right angles to the direction of current flow in the direction
shown (http://www.passmyexams.co.uk/GCSE/physics/electric-motors.html).

A

B

Fig 15. 50Hz artefact. A) 50Hz interference is displayed as a thickening of the trace. B) At higher
paper speed the artefact is revealed as a 50Hz sinusoidal signal.

39

There are three main methods to reduce 50Hz artefact. The first two rely on the fact that
the amplifier amplifies only the difference in potential between the two electrodes, hence,
if the two electrode wires are receiving the same 50Hz signal equally and at the same phase
then the signal will cancel out. The first method to reduce noise is to ensure that
impedances (a measure of skin resistance) at the electrode contact are equal. Equivalence is
achieved by making all the impedances low. This is achieved by rubbing the skin at the point
of electrode contact with an exfoliating gel applied to a cotton bud until impedances are
below 5Kohms. To measure impedance, the recording machine sends tiny electrical currents
though the electrodes and displays the impedances on the screen (fig 16).

Fig 16. The impedance screen.

The second method to reduce 50Hz noise is to bunch the electrode wires with tape. As the
electromagnetic field of the 50Hz source decays with distance, this means that any
electrode wire closer to the source will receive a proportionally higher artefactual signal.
Bunching electrode wires ensures all wires receive the same level of signal, which will then
be cancelled out by the differential amplifier. Figure 17 shows a typical setup showing
bunched wires. Note also the use of an elasticated hat to maintain electrode contact and
the headbox enclosed in a plastic bag for infection control purposes. Finally EEG recording
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systems include a 50Hz ‘notch’ filter to minimise 50Hz noise. A notch filter is designed to
attenuate specific frequencies and have a narrow stopband such that attenuation of
frequencies slightly above and below 50Hz, which may include genuine cortical activity, is
minimised.

Fig 17. Typical neonatal EEG setup. Note the bunched wires, securely fastened elasticated hat and
headbox enclosed in a plastic bag.

Other common physiological EEG artefacts are shown in figure 18. Respiration artefact (fig
18a) caused by rhythmic respiratory movements produces sinusoidal EEG artefacts in the
delta range and can be identified by recording a separate respiratory trace from a sensor on
the abdomen with which the EEG artefact will be timelocked. ECG artefact (fig 18b) results
from direct propagation of the electrical potentials from the heart to the EEG recording
electrodes producing periodic QRS complexes. Pulsatile artefact (18c) results from the
proximity of a recording electrode to a pulsing blood vessel in which expansion and
contraction of the vessel produces a voltage change and resultant sinusoidal artefacts in the
delta range. ECG artefact (fig 18b) and pulsatile artefact (18c) can also be identified by
comparison with a separately recorded physiological ECG trace recorded from the
shoulders. While ECG artefact will be both similar in morphology and timelocked to the
separate ECG channel, pulsatile artefact has a different morphology but is still timelocked.
When the baby’s head is sweaty, sweat artefact caused by shifts in the electrical baseline of
certain electrodes may occur and consists of semi periodic large rolling slow waves (fig 18d).
Where the patient is ventilated with an oscillator, vibration caused by the oscillation may
cause a rhythmic artefact at the same frequency as the oscillator (~10Hz)(fig 18e).
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Movement of, or by, the patient may cause large artefactual deflections of the EEG and
muscle activity in the neck, jaw and forehead may produce muscle artefact in the beta range
(fig 18f). As the eyeball is electrically polarised, both vertical eye movement during blinks
(fig 18g) and lateral eye movements can cause large deflections on frontal polar and inferior
frontal electrodes respectively. These artefacts are less apparent in reduced electrode
arrays such as that used in the studies in this thesis, where only mid-frontal electrodes are
used.

A) Respiration artefact

B) ECG artefact
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C) Pulsatile artefact

D) Sweat artefact

E) Oscillator artefact
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F) Movement and muscle artefact

G) Eyeblink artefact
Fig 18. Common sources of artefact. A) Respiration artefact. B) ECG artefact. C) Pulsatile artefact.
(Note the rhythmic artefacts on the EEG in A, B, C are time locked to the waveforms on the
respiration trace and ECG traces respectively. D) Sweat artefact. E) Oscillator artefact. F) Movement
(large slow potentials) and muscle artefact (low amplitude fast activity). G) Diphasic frontal artefacts
caused by eyeblinks. Slide G from http://www.slideshare.net/SudhakarMarella/eeg-artifacts15175461.

1.1.3.6 Techniques for removing artefacts from the EEG
Artefacts that obscure or distort the background EEG can make interpretation difficult,
regardless of the EEG application; hence there is a long history of techniques to remove
them from the EEG trace. Typically artefact removal techniques have concentrated on three
commonly occurring artefacts; ocular artefacts (eyeblink and eye movement), muscle
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artefact and ECG artefact, though principals apply to other types of artefact as well. Key
determinants of methodology are firstly whether the artefact removal can be done postacquisition or whether there is a requirement for the processing to be performed in a live
condition, as is the case for automated seizure detection, and secondly whether separate
recordings of the physiological artefact such as the electrooculogram (EOG),
electromyogram (EMG), electrocardiogram (ECG) and respiration trace, are available to act
as a ‘reference’ to subtract similar waveforms from the EEG. An introduction to the basic
concepts will be presented here. For in depth discussion as to the relative merits and
variations on the techniques involved, see reviews by Uriguen (34) or Sweeney (35).
The simplest method to remove artefacts from the EEG is simply to remove the portion of
EEG containing the artefact. This can be done manually post-acquisition or ‘online’ by
setting certain thresholds for rejection of the EEG epoch. If the epoch of EEG in question has
no value, ie. no EEG content, as was the case in the approach for removing flat portions of
EEG in the event of electrode disconnection and signal saturation by Aarabi (36), then this
method is acceptable, however for the most part, where artefacts are present on some EEG
channels, there is also uncontaminated EEG on others, hence removal of entire segments of
EEG would lead to unacceptable data loss.
Simple low or high pass filtering methods may be used, however this is only effective where
the frequencies of the EEG signal of interest and the artefact do not overlap, which is not
the case for most artefact. Many seizure waveforms for example have frequencies in the
delta range as do respiration and ECG/pulse artefact.
Where separate reference channels representing the artefact of interest are available, linear
regression using the ‘least squares’ method has been used, whereby propagation factors are
calculated to estimate the relation between the reference channel and each EEG channel.
The derived propagation factors are then used to correct the raw EEG by subtraction of the
reference artefact values scaled by the propagation factors. This method has been used to
remove blink artefacts from the EEG using the EOG as a reference (37;38). Regression
analysis has the advantage of being computationally less demanding than other methods
described below but has the disadvantage of requiring a reference channel for each source
of artefact.
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Adaptive filtering is a dynamic method that has been used to remove unwanted artefacts on
the EEG such as eyeblinks, muscle and ECG artefacts, that can be implemented online but
also requires a reference channel. Adaptive filters iteratively adjust the filtering of the EEG
signal according to information regarding the artefact from the reference channel. The
structure of an adaptive filter is shown in figure 19. The filter uses a tapped delay line (TDL)
and generates a signal ˆv(n) which is correlated with the artefact signal v(n) from a reference
signal u(n). The estimated artefact is the filtered from the original signal x(n) to leave a
residual signal ˆs(n) which is an estimate of the original signal s(n). The coefficients of the
filter continually adapt using an optimisation algorithm until the artefact in the output is
minimised (35).

Fig 19. Structure of an adaptive filter. From Sweeney (35).

Independent component analysis (ICA) is an extensively used method to remove artefacts
from EEG. ICA decomposes the signal into several independent components depending on
the statistical independence of the signals (34). Two assumptions of ICA are that the number
of underlying sources of EEG signal are equal to or less than the number of measurement
channels and that the EEG sources are non-gaussian. A pre-processing step, where the data
is ‘whitened’ to remove any correlation, is followed by the ICA processing whereby the data
collected at single scalp channels is spatially transformed to a matrix of outputs of spatial
filters applied to the whole multi-channel recording. Typically, the transformed channels can
be visualised on a topographic head map (see fig 20) and channels identified as artefact
removed from the reconstructed signal (39). In this approach, no reference channels are
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required, but the requirement for visual identification of the artefact precludes its use in
automated processes.

Fig 20. Topographic display of Independent Component Analysis. Scalp maps and power spectra of
31 independent components from subject. Blink and eye movement artefacts have typical low
frequency peaks over frontal areas (IC 1, 9). Muscle artefact had characteristic focal optima at
temporal sites and power plateaus at 20Hz or higher (ICs 14, 22, 27, 29). From Jung (39).

A version of ICA that negates the requirement for post-processing visual inspection that
does lend itself to automated online removal or artefacts is so called ‘temporally
constrained’ ICA and can be used where a reference channel containing artefacts of interest
is included. In this method, the aim is to obtain an output that is statistically independent of
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other sources but closest to the reference signal (40). This is the approach adopted by De
Vos (41) to remove respiration, pulse and ECG artefacts from the Neoguard SDA developed
by Deburchgraeve (42), resulting in a reduction in the median false detection rate from 0.38
FD/h without the artefact removal processing layer to 0 FD/h with the layer.
For automated seizure detection algorithms, any form of artefact removal must operate in a
live online mode, ruling out any subjective post acquisition processing techniques. Many of
the presented methods above require a reference channel containing the artefact for
removal. As presented in study 2 of this thesis, respiration and pulse artefact are two
primary sources of false detection for the ANSeR algorithm. While recording of a separate
ECG channel is common practice in EEG recording in the intensive care environment,
recording of a respiration trace is not common (11), thus negating the possibility of
reference based artefact removal. Subsequent to the findings in study 2 of this thesis, that
respiration artefact (and others) tend to occur in prolonged runs and raise the seizure
probability baseline of the ANSeR algorithm, Temko (11) made an adaptation to the
algorithm based on ‘adaptive background modelling’ of the output of the algorithm’s
probability trace, whereby any given probability peak is compared to the preceding
probability baseline rather than zero, with a resultant reduction in false detection rate from
0.42 to 0.24 FD/h. This approach, while improving performance, is not a direct method for
artefact removal, rather it is an indirect method to modify the algorithms response to the
presence of artefact when it occurs in prolonged runs, which may not always be the case.
More recently, Ansari (43) has incorporated a support vector machine (SVM) in a postprocessing step to remove unwanted artefacts in the Neoguard SDA, first presented by
Deburchgraeve (42). An SVM is a learning algorithm which, in this case, is pre-trained to
learn about common artefacts, reducing the false detection rate from 2.6 to 1.5 FD/h with
only a 4% reduction in seizure detection. The advantage of this method is that it does not
require referential recordings of physiological channels. A logical limitation is that the SVM
is trained on a set of artefact containing EEGs which will only approximate and not exactly
match possible artefacts present on the current patient on which the algorithm is running.
For the purposes of artefact removal in SDAs, an ideal situation would be one where all
original recordings include separate reference channels of physiological signals causing false
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detection, allowing adaptive techniques to specifically match physiological signals on the
reference and EEG channels and dynamically accommodate changing parameters in those
physiological signals. Where that is not the case, it may be that an alternative approach
might be for the user to stipulate what additional channels are available during initiation of
an SDA, activating optimal strategies when reference channels are available, or a default
state of ‘second best’ strategies when not available.

1.2 Normal Neonatal EEG
The neonatal EEG changes progressively and markedly from the earliest viable preterm
babies (23-24 weeks GA) to term (37-42 weeks GA) due to the rapid progression of brain
development. 3 main trends are seen including:


Continuity



Transient waveforms of prematurity



Appearance of sleep cycling

1.2.1 Continuity
In the most preterm viable babies (23-24 weeks GA), the EEG is discontinuous with sporadic
short bursts of poly-frequency activity separated by periods of quiescence of <1 minute
when little or no activity occurs (fig 21a). This discontinuous pattern is termed ‘Trace
Discontinu’. With advancing gestational age the periods of activity lengthen and the
quiescent periods shorten. By 34 weeks GA the EEG should show continuous mixed
frequency activity in waking and active sleep, while discontinuity persists in quiet sleep. By
term the EEG should be continuous in all states (fig 21b). Vanhatalo (44) has suggested that
this transition from discontinuity to continuity represent a transition from primarily
endogenously generated sporadic cortical activities in preterm to continuous sensory driven
activity towards term.
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A) Discontinuous activity in baby of 23 weeks GA showing delta brush activity

B) Continuous activity in a term baby.
Fig 21. Normal EEG in preterm and term. A) Normal discontinuous EEG in a preterm baby of 23
weeks GA showing delta brush activity. B) Normal mixed frequency continuous activities of a term
baby.
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1.2.2 Transient waveforms of preterm and term
There are several normal transient waveforms that appear and disappear, waxing and
waning in their prevalence, from preterm to term. Examples of these as well as the
gestational ages at which they appear, are shown in figure 22.

A) Delta brush activity
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B) Premature temporal theta

C) Sharpened theta on the occipital of prematures (STOPS)
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D) Encoche Frontale

E) Anterior delta
Fig 22. Normal transient waveforms of preterm and term. A) Delta brushes (recorded between 26-38
weeks GA). B) Premature temporal theta (recorded between 26-38 weeks GA). C) Sharpened theta
on the occipital of prematures (STOPs. Recorded between 24-34 weeks GA). D) Encoche Frontale
(recorded between 35-44 weeks GA). E) Anterior delta (recorded between 34-44 weeks GA).
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1.2.3 Sleep cycling
In older children and adults, differentiated states of waking, REM sleep and non-REM sleep
are identified with specific EEG patterns. During development babies develop equivalent
states with sleep cycling developing from 31 weeks GA and being readily identifiable by 34
weeks GA. The following sleep states are seen in term neonates;


Active sleep (equivalent to REM sleep). The EEG shows continuous 1-10Hz activity of
homogenous and fairly low amplitude 20-50µV. This pattern is termed ‘Trace
Moyenne’ (fig 23a). A similar pattern is seen waking.



Quiet sleep (equivalent to non-REM sleep). Quiet sleep is subdivided into two types:
o ‘Trace Alternant’. This pattern shows an alternating bursts of higher
amplitude mixed frequency delta, theta and alpha activity of 50-100µV every
3-5 seconds separated by lower amplitude activities <50µV (fig 23b).
o Slow wave sleep (also termed intermediate or indeterminate sleep). This
pattern is dominated by continuous delta activities and is seen in the
transition from Trace Moyenne to Trace Alternant (fig 23c).

Each EEG pattern shows different bandwidths on the amplitude integrated EEG (aEEG) (blue
trace above EEG -see section 1.3.5), which should show periodic ‘thickening’ and ‘thinning’
as the baby cycles between sleep states. A full cycle including all sleep state occurs over
approximately 1 hour for term babies.
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A Active sleep

B) Quiet sleep
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C) intermediate/slow wave sleep
Fig 23. EEG patterns of sleep in neonates. A) Trace Moyenne pattern of active sleep. B) Trace
Alternant pattern of quiet sleep. C) Intermediate/slow wave sleep.

1.3 The aEEG
The CFM (cerebral function monitor) was first developed by Maynard (45) in 1969 as a
means to monitor cerebral activity in patients after cardiac arrest. The original analogue
‘CFM’ is now historical and a better term for compressed EEG is aEEG (Amplitude Integrated
EEG).
The aEEG was originally a one channel device recorded from bi-parietal electrodes. The EEG
signal is, band-passed filtered at 2-15Hz, rectified (all negative values are made positive),
and the output is effectively the smoothed line drawn through the upper and lower peaks of
the processed signal, displayed on a semi-logarithm scale. The output is a band with values
for upper and lower margins. The lower margin of the band provides information on the
lower amplitudes of the EEG and the upper margin provides information on the higher
amplitudes of the EEG. The original analogue device gave a paper trace displayed at
6cm/hour on a slow speed paper chart recorder. Modern machines are now digital and
many people choose the same paper speed as they are familiar with it.
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The aEEG is very useful, giving not only a snapshot of the general state of brain activity but
also a trend of changes in amplitude over time, such that the patient’s neurological progress
or deterioration can be judged. Due to its relative simplicity the aEEG has been widely
adopted for neonatal monitoring, either as a stand-alone form of monitoring or as an
adjunct to EEG.
There are two methods of subjective visual assessment of the aEEG (fig 24), one based on
pattern (46), and the other based on voltage (47). It should be noted that the terms
‘normal/abnormal’ in these methods refers to the EEG of term babies. The normal preterm
EEG will include some degree of discontinuity which will be reflected in the aEEG. The
presence of two scoring methods, and the fact that one has 3 criteria while the other has 5,
is a source of possible confusion when scoring the aEEG.

Fig 24. Voltage vs pattern methods of aEEG assessment.
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1.4 Effect of sedative and antiepileptic drugs on the background EEG
Many sedative or anti-epileptic drugs have an effect on the EEG and when assessing the
state of the background EEG, these effects must be considered.
Morphine is an opiate sedative commonly used in the neonatal unit when babies are
intubated and/or cooled. Morphine has been shown to increase the interburst interval in
preterm babies (48) and in term babies morphine was found to cause prolonged periods of
electrical quiescence and an increase in ‘epileptiform’ sharp wave activity and a lack of
reactivity to somatosensory stimulation (49). Young (48) suggests that activation of opiate µ
receptors in layer 4 of the cortex may act to functionally disconnect the cortex from
thalamic input. Experiments using depth and cortical recording by Steriade in cats (50)
showed that various anaesthetics including Ketamine, which also activates µ sites on the
NMDA receptor, can induce burst suppression. In the model, additional doses of Ketamine
first halted firing of cortical neurons in the suppression period and with higher doses also
suppressed thalamic projection neurons (fig 25).

Fig 25. Anaesthetic induction of EEG burst suppression pattern. Panel 1 shows EEG of cat under
Xylazine/Ketamine anaesthesia. Panel 2-4 shows EEG at 10 seconds, 2 minutes and 4 minutes after
an additional dose of Ketamine (From Steriade (34)).

Common treatments for neonatal seizures include phenobarbitone, phenytoin and
midazolam. Phenobarbitone is a barbiturate that binds to the GABAA receptor and
potentiates the effect of GABA. Midazolam, a benzodiazepine, exerts a similar effect but
binds to a different site on the GABAA receptor. These drugs produce suppression of the
background activity and an increase in discontinuity (51). Phenytoin reduces neuronal
58

excitability by stabilizing the inactive state of the sodium channel. There are no specific
studies examining the effect of phenytoin on the background EEG. Lignocaine, a second line
anticonvulsant, blocks the fast voltage gated sodium channel in the post synaptic membrane
and has also been shown to produce a burst suppression pattern on the EEG (52).
Xenon gas has been used as an anaesthetic at concentrations of 70% and has been tested as
a neuroprotectant in a randomised control trial in babies with HIE (TOBY XE) at a
concentration of 30%. A study by Sclabassi (5) examined the effects of low dosage inhaled
Xenon on the EEG of adults using power spectral analysis, finding predominantly an increase
in alpha frequencies but no major effects such as burst suppression. At 70% concentration in
cats under Sevoflourane anaesthesia, xenon initially produced an increase in delta and theta
activities and a later pattern of ‘bursts of high amplitude sharp waves at 1-3Hz interrupted
by low amplitude slow waves’(53). This pattern appears similar to a burst suppression
pattern (see fig 26). The effect of Xenon on the EEG of babies has not been widely studied
although recent anecdotal evidence has suggested both a suppressant effect on the
background EEG and on seizures (54).

Fig 26. The effect of 70% Xenon administration on the EEG of the Sevoflurane (2%) anaesthetised
cat. (From Utsumi et al. (37)).

1.5 Neonatal Seizures
In the paediatric group, risk of seizures is highest in the neonatal group (55) and is
considered an emergency (56) that should prompt investigation and treatment as there is
gathering evidence that seizures are damaging to the brain (see section 1.5.9).
1.5.1 Definition of neonatal seizures
Seizures result from an imbalance between excitation and inhibition in the brain leading to
uncontrolled repetitive, coordinated firing of groups of neurons. On the EEG their
appearance is described as ‘repetitive EEG discharges with relatively abrupt onset and
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termination and characteristic pattern of evolution lasting at least several seconds’ (57). The
term ‘paroxysmal’ is used to describe seizures to denote their appearance as a discrete
event, distinguishable from the background activity. For neonates the accepted minimum
duration of a seizure is 10 seconds (58). Discharges of shorter duration are termed ‘brief
interictal rhythmic discharges’ (BIRDs) and are of uncertain significance. Seizures in newborn babies tend to be shorter than those in children and adults and for this reason the
classification of status epilepticus as exceeding 30 minutes does not apply. A commonly
accepted definition of status epilepticus for neonates is more than 30 minutes of seizure
activity (not necessarily continuous) in an hour (56). Neonatal seizures present with a range
of morphologies (discussed further in section 1.5.6).
1.5.2 Incidence of neonatal seizures
The estimated incidence of neonatal seizures in the general population is between 1-3 per
1000 live births but with higher incidence is reported in babies born prematurely and with
low birth weight (59). Various reports describe rates of 2-3 per 1000 live births at term; 4.4
per 1000 live births between 1500-2500g; 55-130 per 1000 live births <1500g; and up to 64
per 1000 live births <100g (60-66;66;67). Estimates may vary considerably between studies
due differences in sample populations and historical factors of both prevalence of disease
states and methods of seizure identification. For example, many of the studies of preterm
incidence of seizures date from a period when intra-ventricular haemorrhage was far more
prevalent than currently (59). Similarly, estimates in older studies were often based on
clinical evidence of seizures alone which is known to be far more inaccurate than EEG/aEEG
based studies (68). As new therapies to treat neonatal diseases resulting in seizure emerge,
future studies of seizure incidence are likely to change accordingly. Therapeutic
hypothermia for example has become standard practice over recent years as a
neuroprotective strategy to protect the brain from the adverse effects of HIE and has also
been shown to dramatically reduce seizures (69).
1.5.3 Mortality and adverse outcome after neonatal seizures
Both rates of mortality and adverse outcome following neonatal seizures cannot easily be
separated from the underlying aetiology which remains the main predictor of outcome (59),
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although a large body of evidence suggests prolonged or repetitive seizures cause additional
damage (discussed in section 1.5.9).
Mortality rates following neonatal seizures have fallen over recent decades as a result of
improvement in intensive care (59;70). For example, 3 studies from the 1980s by Holden et
al. (71), legido et al. (72) and Scher et al. (63) quoted mortality rates of 35%, 33% and 33%
respectively, while more recent studies by Tekgul et al. (73) Ronen et al. (62) and Garfinkle
and Shevell (74) quoted mortality rates of 7%, 16% and 9% respectively for term neonates.
Ronen et al. (62) also reported mortality rates for preterm neonates at 42%, considerable
worse than term neonates.
As well as death, adverse outcomes following neonatal seizures include a number of
neurological sequelae impacting on later life. In the prospective study 82 neonates with
seizures by Ronen et al. (62), of survivors, 27% developed epilepsy, 25% had cerebral palsy,
20% had mental retardation and 27% had learning disabilities at follow up in late childhood.
In a retrospective analysis of follow up to 2 years of age of 120 neonates with seizures,
Garfinkle and Shevell (74) found 32% of survivors developed epilepsy, 31% developed
cerebral palsy and 43% manifested global developmental delay. In the study by Tekgul (73),
28% of survivors after neonatal seizures had poor neurological outcome as assessment
within the first 18 months of life, with 21% having seizures after the neonatal period.
Mortality rates and outcome data following neonatal seizures based on specific aetiologies
has been reviewed by Uria-Avellanal et al. (59). Severe HIE and cerebral dysgenesis carry the
worse outcomes.

1.5.4 Risk factors for neonatal seizures
Risk factors for neonatal seizures have been assessed in several studies. Maternal risk
factors include age ≥ 40 y, nulliparity, ethnicity and diabetes, while intrapartem
complications such as infection, caesarean section and a catastrophic delivery involving
placental abruption, uterine rupture or cord prolapse, all increased the risk of neonatal
seizures (75). Hall et al. (76) also found maternal diabetes to increase risk, as well as fetal
distress.
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In a study by Saliba et al. (77) a birthweight of less than 1500g was the highest risk factor for
preterm neonates, while for term neonates a low birthweight, caesarean section and young
maternal age increased the risk of neonatal seizures.

1.5.5 Causes of neonatal seizures
The multiple causes of seizures in neonates are listed in table 1. The most common cause of
seizures in the neonatal period is HIE accounting for 42% of cases in one study (78). Volpe
has suggested that HIE, intracranial haemorrhage, intracranial infection and developmental
defects account for 80-85% of neonatal seizures (79), while other studies emphasise that
perinatal stroke and metabolic disturbance are rarer but important causes of neonatal
seizures (73).

Causes of neonatal seizures
•

•

•

•
•
•

•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•

Acute metabolic
Hypoglycemia
Hypocalcemia
Hypomagnesemia
Hyponatremia or hypernatremia
Withdrawal syndromes associated with maternal drug use
Iatrogenic associated with inadvertent fetal administration of local anesthetic
Rare inborn errors of metabolism (including pyridoxine responsive)
Cerebrovascular
Perinatal stroke
Intracerebral hemorrhage
Intraventricular hemorrhage
Subdural hemorrhage
Subarachnoid hemorrhage
Central nervous system infection
Bacterial meningitis
Viral meningoencephalitis
Intrauterine (“TORCH”) infections
Developmental
Multiple forms of cerebral dysgenesis
Hypoxic-ischemic encephalopathy
Rare genetic syndromic disorders
Benign neonatal familial convulsions (sodium and potassium channel mutations
identified)
Early myoclonic encephalopathy (Ohtahara syndrome)
Pyridoxine dependency

Table 1. Causes of neonatal seizures From Jensen (70)
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1.5.5.1 Hypoxic ischaemic encephalopathy
Hypoxic ischaemic encephalopathy (HIE) is a disturbance of brain function resulting from a
diminished supply of oxygen or blood supply to the brain, often from a perinatal insult such
as placental abruption, perinatal haemorrhage, cord prolapse or meconium aspiration.
Clinical signs of HIE occurs in 3-5 cases per 1000 deliveries and remains a major cause of
death in the neonatal period and neurological disability. Death may occur in 15-20% of
affected individuals with neurological disability in a further 25%. Neuropsychological
sequelae may include mental retardation, cerebral palsy, epilepsy, visual dysfunction and
hyperactivity (79).
Hypoxia resultant from the insult leads to reduced cardiac output and reduced cerebral
bloodflow. If the reduction in bloodflow is only moderate, cerebral arteries shunt bloodflow
from the anterior circulation to the posterior, maintaining adequate perfusion of the
energetically demanding brainstem, cerebellum and basal ganglia leading to a so called
‘watershed’ injury where reduced perfusion in cortical areas at the boundaries between
anterior, middle and posterior cerebral arteries leads to neuronal damage. Acute severe
hypoxia causes sudden decrease in cerebral blood flow which produces damage to the basal
ganglia and thalami in a so called ‘deep grey’ pattern of injury (80).
Studies (reviewed by (80;81)) have revealed 2 periods of energy failure. An initial phase of
primary energy failure immediately follows the insult in which oxygen depletion causes a
switch from aerobic to anaerobic respiration resulting in reduced production of ATP and a
build-up of lactate and H+. Neurons have a high energy requirement to maintain an
electrochemical gradient across their membranes, the resting membrane potential,
mediated by Na+k+ ATPase pumps. Failure of these pumps results in membrane
depolarisation and release of the excitatory neurotransmitter glutamate which causes influx
of Na+ via AMPA receptors and Ca2+ into the cell via NMDA channels leading to a process of
neuronal excitotoxicity and neuronal damage. Peroxidation of free fatty acids by oxygen
free radicals may lead to further damage. If the insult is severe, these processes may lead to
cell swelling and lysis, so called necrotic cell death, or, if less severe, activate apoptotic
pathways (81).
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After the acute phase of energy failure, a latent phase occurs, lasting up to 6 hours in which
a degree of oxidative metabolism recovers accompanied by inflammation and continuation
of activation of apoptotic pathways.
A second phase of energy failure occurs during the reperfusion phase starting from 8-14
hours after the insult and neuronal injury is primarily mediated by apoptotic pathways.
Entry of excess Ca2+ into neurons via NMDA receptors and further intracellular release of
Ca2+ from the endoplasmic reticulum via glutamate activation of G-protein linked glutamate
receptors and the inositol triphosphate pathway, initiates a cascade of deleterious effects
on the cell, including activation of nitric oxide synthase, generation of free radicals and
activation of enzymes to degrade cellular lipids, proteins and DNA. Mitochondria suffer
damage with membrane permeabilisation resulting in the release of cytochrome-C,
activation of caspases 3 and 9 and apoptosis inducing factor resulting in programmed cell
death (81). The early (primarily necrotic) and late (primarily apoptotic) pathways for cell
death are summarised in figure 27.
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Fig 27. Pathways of necrotic and apoptotic cell death in HIE. AMPA α-amino-3-hydroxyl-5-methyl-4isoxazole-propionate, ER endoplasmic reticulum, mGlu metabotropic glutamate receptor, NMDA Nmethyl-D-aspartate, NOS nitric oxide synthase, VDCC voltage dependent calcium channel. From Lai
(81)

If the insult is of sufficient severity, the EEG often shows a typical progression (fig 28);
initially becoming flattened for a number of hours before activity starts to increase. Activity
generally increases towards continuity with the latency to EEG recovery (continuity) giving
an indication of outcome. In the era before therapeutic hypothermia several papers cited
the prognostic value of early EEG and aEEG (46;82;83) while others looked at predictive
values over a longer period of recording with a general consensus that if the trace returned
to continuity by 24 hours of age then a normal outcome was likely (84;85). More recently
studies have suggested that cooling delays the return to normal trace such that an abnormal
EEG in the first few hours is far less predictive of abnormal outcome than at 36-48 hours and
that patients may still have a normal outcome if the trace returns to continuity with 48
hours (86;87).
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A

B

C

D

Fig 28. Changes in the EEG over time of a term neonate with HIE undergoing therapeutic
hypothermia. A) Initially flat trace, B) bursts of activity return after several hours, C) seizure appear
at 12-24 hours, D) the EEG eventually becomes continuous.

Seizures often commence from approximately 12 to 24 hours after the insult as the EEG
voltage increases and can be hard to control in more severe cases. Seizures may in part be
caused by excess neurotransmitter release after energy failure and membrane
depolarisation described above (81), however the prevalence of seizures in an animal model
of HIE has also been shown to be closely linked with the degree of alkalosis in the brain by
Helmy et al. (88). In this study, following observations that neuronal excitability is both
reduced under conditions of acidosis and increased under alkalosis and that brain pH
remains elevated after a hypoxic insult, the authors investigated the effect of brain pH on
seizures. The authors treated 3 groups of rats either with either a 1 hour exposure of
hypoxia with O2 reduced to 9% (group A), or hypercapnia by elevation of CO2 to 20% (group
B) or both (group C), the latter mimicking the conditions of asphyxia. These 3 groups were
all returned to room air after treatment to elicit fast return to normocapnia. A fourth group
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(D) was also treated with both hypoxia and hypercapnia but re-establishment of
normocapnia was made in a graded manner by reducing CO2 exposure from 20% to 10% for
30 minutes then reducing to 5% for a further 30 minutes before returning to normal room
air. Brain pH and EEG was monitored with intracranial electrodes and clinical seizures
monitored behaviourally with video recording.
In group C, an initial brain acidosis during the insult was followed by a rebound alkalosis
above pre-insult baseline which was much reduced in group D where return to normocapnia
was graded (figure 29). Increased brain pH was tightly associated with increased seizure
burden in group C and was markedly reduced in group D (figure 30). The authors suggest a
graded approach to restoring normocapnia may be used by clinicians to reduce seizure
burden in human neonates with HIE. The authors considered the clinical (video) evidence of
the loss of the righting reflex during tonic clonic seizures as the most reliable quantification
of seizure burden. It is not clear why, having recorded EEG, the authors did not use the
electrographic evidence of seizure burden as electrographic seizures may not always have
associated clinical evidence.
A follow up study (89) using 2 photon imaging of intracellular pH showed a similar alkalosis
overshoot within neurons. The authors suggested that alkalosis may be the result of loss of
acid substrates across the blood brain barrier via the Na/H transporter and showed that
alkalosis and seizures could be blocked with inhibitors of this transporter such as Amiloride,
thus suggesting a pharmacological intervention for neonatal post-asphyxial seizures.
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Fig 29. Alkalosis in rat brain after induced asphyxia in abrupt (left panels) but not graded (right
panels) establishment of normocapnia. A) Experimental paradigms. B) Specimen recording of
inracortical pH. C) Averaged data for intracortical pH. (From Helmy (88))
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Fig 30. Post-asphyxial seizure burden is dependent on brain pH. Black squares and red circles
represent values measured during abrupt and graded restoration of normocapnia, respectively.
(From Helmy (88)).

New born babies with HIE routinely undergo therapeutic hypothermia (TH) for 72 hours
which has been shown to improve outcome (90). Hypothermia mediates its therapeutic
effect by reducing; cerebral metabolism and demand, mitochondrial injury, ion pump
dysfunction, excitotoxicity, production of reactive oxygen species, inflammation, oedema
formation, apoptosis and blood brain barrier permeability (91). TH has also been shown to
reduce the overall seizure burden (69), perhaps by extending the half-life of phenobarbitone
(92) or perhaps some augmentatory effect of phenobarbitone on the neuroprotective
effects of cooling occurs, as suggested by Barks (93) in an animal model of HIE. The
rewarming phase after TH is also a time of increased risk of seizures (94) as the metabolism,
partly suppressed by cooling, returns to normal and some anecdotal evidence suggests that
the infant with seizures during rewarming may benefit from a further period of TH (95).

1.5.5.2 Perinatal stroke
Perinatal stroke refers to a heterogeneous group of conditions where there is a focal
interruption of cerebral blood flow resulting in infarction of brain tissue. The event can be
due to thrombosis, embolism or haemorrhage, can involve arterial or venous vasculature
and can occur in the foetus or newborn (96). In perinatal arterial ischemic stroke emboli
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from the placenta are thought to pass through the patent foramen ovule with the middle
cerebral artery being the most common blood vessel involved (97).
The incidence of perinatal stroke is approximately 1/4000 term births (98) and is a major
cause of neurological morbidity including cerebral palsy, behavioural disorders and epilepsy
(99). The ischemia and neuronal damage resultant from stroke can lead to seizures.
Neonates with stroke do not often require resuscitation and tend not to be initially
encephalopathic (100), although stroke in combination with birth asphyxia and
encephalopathy can occur (101).
Commonly neonates present within the first 3 days of life with symptoms such as seizures,
apnoeas, hypotonia, duskiness, irritability and poor feeding (97). Focal clonic seizures are
the most common presentation of seizure (102) although subtle seizures involving eye
blinking, cycling movements, chewing and apnoea are also observed. The electrographic
seizure tends to correlate well with the site of infarction (fig 31).

Fig 31. Left focal EEG seizure in a baby with a left MCA infarct on MRI. (With permission from Low et
al. (103))

As well as clinical presentation, imaging with MRI is highly valuable to identify a lesion and
differentiate stroke from other pathologies causing seizures, however slots for MRI bookings
are in high demand and it is not always immediately available as a diagnostic test. EEG can
usually be recorded soon after admission and has important diagnostic features. As well as
focal electrical seizures, focal interictal epileptiform discharges are common and the
background may be normal, asymmetric or show focal slowing (104). Time of seizure onset
is also useful to differentiate stroke from HIE. Whereas seizures in HIE generally commence
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from 12 – 24 hours of age, seizures in stroke are often later with a recent study by Low et al.
(103) showing a median onset of 36(19-54) hours. Morphological aspects of seizures will be
discussed in section 1.5.6.

1.5.5.3 Neonatal meningitis
Meningitis refers to bacterial or viral infection and inflammation of the meningeal covering
of the brain although there is commonly involvement of the cerebral hemispheres as well,
so called meningoencephalitis (105).
The incidence of bacterial meningitis is approximately 5-7 per 100,000 births (106).
The mechanisms of brain injury are discussed by Volpe (79). The process begins with sepsis
then invasion of the CNS as bacterial components inducing an increase in blood-brain
barrier permeability. Cytokine release leads to interaction of leucocytes and endothelial
cells with resultant vasculitis and this, with further inflammatory processes, can lead to
areas of neuronal injury and infarction as well as cerebral oedema.
In terms of clinical presentation, Volpe describes two basic syndromes: early onset disease
(<48 hours) presenting with a dominance of signs relating to sepsis and respiratory distress
over neurological signs, with the later often limited to lethargy and irritability and feeding
problems. Late onset disease (>7 days) tend to present with more overt neurological signs
including encephalopathy, seizures, tensor rigidity, cranial nerve signs and a bulging
fontanelle.
Seizures may be subtle and are focal in approximately 50% of cases and may be related to
ischemic vascular lesions (79).
1.5.5.4 Metabolic
There are several transient (acute) metabolic disturbances that can cause seizures including
hypoglycaemia, hypocalcemia, hypomagnesemia, hypo or hypernatremia which are usually
resolved by treating the imbalance.
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Inborn errors of metabolism such as pyridoxine dependency can also be treated with good
outcome if the syndrome is diagnosed early enough. The EEG in this syndrome may be of
some use diagnostically as a characteristic seizure pattern has been identified in some
patients (107). Other inborn errors of metabolism are discussed in Rennie et al. (56). These
syndromes can also be classified as inherited and/or genetic epilepsies.

1.5.5.5 Inherited and genetic epilepsies
There are a small number of other benign genetic epilepsy syndromes with neonatal onset,
both with good outcome, including benign familial neonatal seizures usually starting on the
second or third postnatal day and resolving within 6 months and benign idiopathic neonatal
seizures, or fifth-day-fits, usually resolving within 15 days. These syndromes are so called
‘channelopathies’ involving mutations in genes coding for sodium or potassium channels
(70). A rare but malign epilepsy syndrome of neonates, Ohtahara syndrome, is associated
with poor outcome and has a distinctive invariant burst suppression EEG pattern (108).
1.5.6 Characteristics and morphology of electrographic neonatal seizures
Seizure characteristics maybe defined in terms of duration, location, morphology, evolution
and semiology (109). The majority of neonatal seizures last 1-5 minutes (58;63).The location
of electrographic seizures may give some indicators of the type of brain pathology with
consistently focal seizure suggesting a focal brain lesion such as a stroke and multifocal or
generalized seizures suggesting a more diffuse or global pathology such as HIE or meningitis
(109). Generalized seizures however are rare, probably due to the immature regional and
inter-hemispheric connectivity and myelination at this age (70). The majority of neonatal
seizures tend to arise from the central or centro-temporal regions (110).
In general terms, electrographic seizures in all age groups including neonates, have a
tendency to evolve in frequency, morphology, propagation and amplitude, although this is
not always the case, and it is this evolution that can be used in neonates to differentiate
electrographic seizures from other rhythmic artefacts such as respiration and pulse artefact
which tend not to evolve. These features of electrographic seizures and EEG artefacts will be
used in study 5 to develop a teaching material to educate end users of ANSeR (see chapter
6).
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Propagation

Rhythmic delta seizure

‘Notched’ slow waves

Spike and wave seizure

Fig 32. Seizure showing evolving features. A seizure showing evolution in amplitude (increasing),
propagation (left to right then generalization) and morphology (rhythmic slow waves at start
progressing to spike and wave).

The evolution in amplitude and propagation of seizures is due to progressive recruitment of
neurons peripheral to the site of seizure onset. For example figure 32 shows a seizure
increasing in amplitude with time and showing propagation, starting on the left (red traces)
and starting later on the right (blue traces) before becoming generalized on all EEG
channels.

Quite often seizures show evolution in the frequency of the discharges, typically tending to
start with faster frequencies and progressively slowing, particularly towards the end of the
seizure (fig 33). It is not entirely clear why these frequency changes occur. Bazhenov et al.
(111) have suggested that extracellular concentrations of K+ ions during seizures may
determine transitions between faster seizure rhythms and slow spike and wave patterns,
while Krisnan et al. (112) have suggested that the progressive buildup of intracellular Cl- and
Na+ have a role in determining seizure duration and termination. Perhaps the increasing
concentrations of these ions also affect discharge frequency. These topics are discussed
further in section 1.5.7. Seizure frequency can be estimated simply by counting the number
of epileptiform discharges per second (fig 33).
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A) Start of seizure

1 sec
~ 2 waves/sec (2Hz)

B) Middle of seizure

1 sec

~ 1 wave/sec (1Hz)
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C) End of seizure

1 sec

~ 1 wave every 2
sec = 0.5Hz

Fig 33. Frequency change during seizures. Discharge Frequency can be estimated by counting the
number of waveforms per second (vertical grey lines denote seconds). Note the progressive slowing
in discharge frequency from 2Hz at the start to 1 Hz in the middle of the seizure and 0.5 Hz at the
end.

Epileptic discharges in neonatal seizures show a range of morphologies which can vary
between seizures and also within a seizure and can therefore represents another aspect of
evolution within a seizure.

The ‘classical’ seizure waveform predominantly in older children and adults is the spike and
slow wave complex where the spike represents a group of neurons firing in unison (overexcitation) followed by a slow wave which represents the inhibitory response or
disfascilitation (inactivity) of neurons to that over-excitation (113). It should be noted that
this morphology can also be termed sharp wave/slow wave complexes. Spikes and sharp
waves are similar in that they both represent excitatory firing of a group of neurons, the
distinction between the two being only one of duration, measured at the base of the
discharge. Spikes last up to 70 msec whereas sharp waves last from 70-200 msec and are
therefore wider.
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Typical spike and wave morphology can be seen in figures 32 and 33 above. It is worth
noting that with focal seizures displayed in bipolar montages, seizure patterns or any
dominant pattern may appear inverted in channels next to each other in the EEG display
and sharing an electrode, where the seizure focus is occurring at that electrode. For
example in fig 35b the C3-P3 channel shows a clear spike and wave pattern whilst the F3-C3
channel above shows an inversion of this pattern. This is because C3, the site of seizure
origin, is the first in the pair of electrodes in C3-P3 whilst it is the second electrode in the F3C3 pair. Where upward and downward waveforms meet is called a ‘phase reversal’ and used
to identify the origin of seizures, but may cause confusion when reviewers are looking for
recognizable patterns such as spike and wave.

With some neonatal seizures the spike/sharp wave is less apparent and seizure may occur as
rhythmic slow waves (Fig 34a) or faster rhythms. In other seizures the slow wave may be
less obvious and the seizure appears as a run of repetitive spikes or sharp waves (fig 34b).
It is not certain why spikes may be more or less apparent with slow waves in electrographic
neonatal seizures. The amplitude of the spike is likely related to the number of neurons
recruited. As is clear from figure 33, the initial seizure morphology is rhythmic delta with a
gradual appearance and increase in amplitude of associated spikes as increasing numbers of
neurons are recruited. As the spikes appear, they can occur in the downward phase of the
slow wave (see fig 32) and are therefore somewhat masked by the slow wave. In this
instance the slow wave is said to be ‘notched’ with a spike. It may be that in seizures with a
solely slow wave morphology, the small excitatory spikes remain entirely masked by the
slow waves in this fashion. The appearance of the spike on the EEG therefore relates to the
timing of the excitatory discharge relative to the stage in the
hyperpolarization/disfascilitation of the cell, characterized by the slow wave, in which it
occurs. In the model presented by Bazhenov et al. (111) in section 1.5.7 (fig 37), this may
relate to the timing, or perhaps the activation voltage, of the hyperpolarization activated
depolarizing current IH, which is activated by the intracellular hyperpolarization during the
slow wave and depolarizes the cell, such that a further paroxysmal depolarizing shift and
excitatory spike can occur.
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Where seizures appear as repetitive spike, there is usually some evidence of a slow
component in between spikes, albeit low amplitude. Clearly these different morphologies
involve some complex interplay between the neural recruitment determining the size of the
excitatory spike and the degree of ensuing inhibition/disfascilitation determining the size of
the slow wave. The orientation of the discharge dipole relative to the cortical surface and
whether it originates from a gyri or sulci may also be factors.

Slow wave seizure

A
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Repetitive spike seizure

B
Fig 34. Slow wave and repetitive spike seizures in neonates. A) Slow wave seizure. B) Repetitive spike
seizure.

Several attempts to classify the electrographic patterns of neonatal seizures have been
made. Patrizi (114) used a classification system derived from Holmes and Lombroso (115),
dividing morphology into 3 groups: a) rhythmic discharges of delta, theta, alpha or beta, b)
low frequency discharges, c) spikes, sharp waves, spike and wave and sharp wave/slow
wave complexes. Grouping all frequency bands of rhythmic seizures together seems
somewhat over-inclusive as this spans nearly the whole range of frequencies recordable in
the neonatal EEG and includes very different looking seizures. Group C also appears over
inclusive as it could be argued that it would be preferable to group spikes and sharp waves
together in one group and spike and wave and sharp and slow wave complexes in another
as these are markedly different morphologies. Seizure onset was described as focal,
regional, unilateral or bilateral. Propagation was described as ipsilateral, contralateral,
ipsilateral at onset then contralateral and bilateral. While these terms are useful, they do
not quantify the amount of propagation directly.

Deburchgraeve (116), in developing a seizure detection algorithm, classified seizures as only
2 types, namely ‘spike train’ seizures and ‘oscillatory’ sinusoidal seizures, the former
described as discontinuous and the latter continuous. While the authors iterate that these
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fairly simple descriptions are more for signal processing purposes than classification, neither
spike train nor oscillatory adequately describe a major discharge morphology in neonatal
seizures, namely the spike and wave seizure.

Pisani (117) described seizures under the following criteria: onset topography (anterior,
central, and posterior), side of seizure onset, morphology of the epileptiform paroxysms,
spread of the discharge (absent, ipsilateral, and contralateral), presence of multiple
independent electrographic regions of seizure onset, duration of the seizures, mean seizure
duration, duration of the longest seizure, the Ictal Fraction (= total duration of the
seizures/duration of the EEG recording × hour), and number of seizures per hour. Seizure
morphology was described as spikes and sharp waves or pseudo-sinusoidal discharges or a
combination of both. Again spike and wave and sharp wave/slow wave complexes are not
differentiated from the former groups nor was the frequency content or amplitude of
seizures described or the degree of propagation quantified.

In a validation study of a seizure detection algorithm by Deburchgraeve (116), Cherian (118)
analyzed a number of seizure features including amplitude, duration, discharge frequency,
arrhythmia and compared these features between mild/moderate and severe background
patterns. This study is discussed further in section 1.6.4.

Attempts to associate specific seizure patterns with the more common aetiologies eliciting
seizures are aimed at facilitation of diagnosis in order to allow clinicians to tailor patient
care and treatment accordingly. This area has received very little attention and remains ‘an
area ripe for future research’ (109). In a study of 36 infants (25 full term, 11 preterm), Patrizi
et al. (114) sought firstly to see if there were any age related differences in seizure
morphology between term and preterm seizures and secondly to determine if ictal
characteristics were related to aetiologies. The distribution of infants across age groups and
aetiologies were as follows; ‘In the preterm the aetiologies of the seizures included
intraventricular haemorrhage (IVH) in five; multifactorial causes (including IVH, cerebral
dysgenesis, metabolic derangement) in three; hypoxic–ischemic encephalopathy in two, and
bilateral infarctions in one. In the full term infants etiological agents included HIE in eight,
bacterial infections in three, unilateral infarction in three, cerebral dysgenesis in three,
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unknown causes in three, intraparenchymal haemorrhage in two, multifactorial causes in
two cases, and metabolic causes in one’ (114). The scoring system was from Holmes and
Lombroso (119) as described above.

Patrizi and colleagues did not find any significant differences between different seizure
morphologies and aetiology. However, as the authors state, the numbers in each etiological
group were quite small. Also, as stated above, the categories for seizure morphology, when
comparing against aetiology, were quite inclusive, grouping all frequencies of rhythmic
sinusoidal seizures in one group and all seizures with spike/sharp waves, spike and wave and
sharp and slow wave complexes in another. These workers may have found more
differences had they used less inclusive categories, although the number of cases in each
category would have been less. Their comparison of preterm and term seizures did not
show any differences in seizure duration, mean number of seizures per baby or site of onset
(with the temporal lobe being the most common). However they did find that preterm
infants tend to have rhythmic alpha or delta seizures at the onset while term infants tend to
have sharp wave or delta seizures at onset. During the propagation of the seizure sharp
wave or delta seizures were common in both preterm and term seizures. The relative lack of
spikes and sharp waves in seizure onset in preterm babies is of uncertain significance but is
interesting as it may have consequences in applying term seizure detection algorithms to
preterm EEG, perhaps requiring adaption.

A recent study by Lynch et al (120) compared the background and seizure morphology in six
term babies with unilateral stroke with 14 babies with HIE. In terms of seizure morphology
they describe clear differences with seizures due to stroke showing a characteristic
spike/polyspike and wave morphology compared to a more diffuse sharp wave morphology
in HIE. Unfortunately this study only appears as an abstract for conference and not as a full
research paper and it appears that differences are derived observationally rather than
quantitatively and statistically.

A literature search revealed no other papers that correlated the morphological
characteristics of EEG during seizures with common pathological conditions in new born
babies. Characteristic ictal/interictal patterns have been described for some neonatal
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conditions such as Ohtahara syndrome (108) and pyridoxine dependent seizures (107;121)
but these conditions are rare.

Clinical manifestations of seizure in the newborn can include generalized, multifocal or focal
clonic limb movements, cycling movements, tonic stiffening, lip smacking or oculomotor
signs and/or more subtle physiological signs such as desaturation/apnoea, raised blood
pressure and tachycardia. Watanabe et al. (122) attempted to correlate seizure morphology
to the clinical manifestations and analysed 205 neonatal seizures. Multifocal or generalized
seizures were the most common seizure type and were predominantly associated with
either repeated spikes or sharp waves or spike and wave complexes.

1.5.7 Cellular basis of seizures
To understand the EEG patterns recorded at the scalp during seizures it is necessary to
explore the complex dynamics of current flow, excitation and inhibition at the cellular level.
This has been done using intracellular and extracellular electrodes in both in vivo and in
vitro. Computational modelling of these dynamics has also contributed to the understanding
of how the reactive nature of ion channels may create the oscillatory patterns of seizures.
Intracranial recording of older patients with epilepsy reveal that many seizures start with
fast oscillatory activity (figure 35), most of which is filtered out of scalp recordings by the
skull, meninges and skin tissues.
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A

B
Fig 35. Intracranial recording of a focal seizure in a 13 month old child with cortical dysplasia. A)
Focal cortical seizure. B) Fast oscillatory activity preceding the seizure at 70-90Hz. From Traub et al.
(123). (Signals recorded and analysed by T. Baldeweg, H Cross and S. Boyd)

Exploration of the cellular basis of seizure using in vivo animal models has a long history.
Early recordings by Pollen et al. (124) of spike and wave seizures showed that the spike
component is associated with neuronal firing while the slow wave is associated with
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neuronal hyperpolarization suggesting an active role of inhibition and a relative quiescence
of neuronal firing.
The main intracellular component of the epileptic discharge is the paroxysmal depolarising
shift (PDS) (Fig 37)(125) which is a sustained depolarisation lasting 10s of milliseconds with
superadded, rapid, sharp depolarisations called sustained repetitive or burst firing (126).
The prolonged depolarisations are produced from multiple EPSPs from Na + and Ca+ currents
(127). These EPSPs create action potential that propagate down the axon and excite
connected neurons.
Recordings by Steriade et al. (128;129) of spontaneous and induced seizures in
anaesthetised cats showed that seizures could initiate in the cortex independent of thalamic
involvement and could evolve out of the natural slow oscillation of neurons defining slow
wave sleep. They also showed that the activity of a particular cell type, the ‘fast rhythmic
bursting’ (FRB) cell, was central to the initiation and evolution of seizures. These cells are
excitatory pyramidal cells found in all cortical layers that are capable of firing bursts of 6 or 7
spikes in very rapid succession (200-300Hz) and rapid transmission between neurons is
thought to occur via gap junctions (123). They found that differential repetitive bursting
patterns of these neurons underlie both the fast rhythmic runs (10-15Hz) and polyspike
component of the polyspike and wave morphologies recorded in these seizures (Fig 36).
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Fast rhythmic seizure (10-15Hz)

Polyspike

Slow wave

Fig 36. Depth recording (upper trace) and intracellular recordings of FRB neurons (lower trace) of
area 7 of cat cortex during an epileptic seizure. Seizure shows initial fast rhythmic seizure with
underlying fast repetitive bursts of FRB neurons and develops into polyspike and wave with bursts of
FRB neurons defining the polyspike and inactivation of FRB neurons during the slow wave. (From
Steriade (129).

In an interesting paper by Bazhenov et al. (111), the authors built on previous work with a
combination of in vivo recording and computer modelling to construct a putative model of
the currents and channels contributing to the excitatory spike and inhibitory slow wave
components of epileptiform discharges (fig 36). Importantly, they also show that the slow
wave component of the spike and wave is not due to the action of GABA mediated
inhibition but more likely due to a combination of K+ efflux from activation of Ca+ dependent
channels and consequent hyperpolarisation and disfacilitation (a transient cessation of
action potential firing). During the hyperpolarisation phase, activation of IH, a
hyperpolarisation-activated depolarising current is responsible for the rebound excitation
and the onset of a further PDS. Cyclic activation of these channels is responsible for the
cyclic nature of seizures.
Further they cite the role of extracellular K+o (where o denotes outside) as key to seizure
perpetuation rather than previous models invoking a lack of GABA inhibition in seizure
generation and continuation, principally as fast spiking GABA neurons remain highly active
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during seizures, ‘Extracellular potassium concentration [K+]o increases during neuronal
activity. In the presence of neuronal hyperexcitability, the [K+]o apparatus fails to maintain
[K+]o homeostasis. The resulting increase in [K+]o depolarizes the reversal potential of K+
currents and can also affect the maximal conductances of some depolarizing currents such
as the hyperpolarization-activated depolarizing current (Ih) and the persistent sodium
current (I Na(p)). Thus, the overall effect of an increase in [K+]o is an upregulation of neuronal
excitability’.

The paper also makes a significant contribution to the understanding of seizure morphology,
specifically the transition from fast rhythmic runs to spike and wave discharges, seen in
many seizures. They found that whether a seizure occurs in fast runs or slow spike and wave
(as fig 36) is dependent on the concentration of extracellular potassium, K+o. Specifically
they found that at high K+o the network adopted a slow bursting pattern generating a spike
and wave morphology while at moderately elevated levels of K+o a fast oscillatory pattern
was seen. While this model provides a neat hypothetical mechanism of how different
seizure morphologies may be generated at the cellular level (fig 37), in their network model
of 100 excitatory neurons and 25 inhibitory interneurons, they describe and initial slow
bursting pattern followed by fast spiking oscillatory activity and alternating epochs of both
thereafter, citing similarities to this pattern to the alternating bursts of fast activity and slow
spike and wave seen in sleep in Lennox Gastaut Syndrome (130). Alternating periods of fast
and slow discharges is not a widespread finding in epilepsy however. In children and adults
with tonic clonic seizures, the initial tonic phase is associated with fast rhythms which
progressively slow into spike and wave discharges with associated clonic jerking and without
re-occurrence of fast rhythms. In the author's experience, neonatal seizures are often within
the delta or theta range throughout but if faster oscillatory activity does appear in a seizure,
it also tends to occur at seizure onset (fig 38) although exceptions have been noted in some
neonates with meningitis (personal observation). It should be remembered that simplified
computer generated models do not necessarily reflect or fully represent the conditions in
the intact brain.
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Fig 37. Model of the contribution of ionic currents contributing to the PDS and hyperpolarisation
during spike and wave discharges. The PDS is initiated by a barrage of EPSPs activating high
threshold calcium Ica and persistent sodium currents INa (p) which maintain the PDS. Excitation
produces multiple action potentials during the early phase of the PDS. Inhibitory GABA mediated
IPSPs are recorded during the PDS with further EPSPs. Calcium influx activated calcium dependent
potassium currents Ik(ca) which in combination with potassium leakage currents Ileak allow potassium
efflux and hyperpolarisation during the slow wave component. Activation of the hyperpolarisationactivated depolarisation current IH causes rebound excitation and the onset of a further PDS.
Adapted from Bazhenov (111).

Fast 7 Hz oscillatory activity

Spike and wave discharges

Fig 38. Frequency/morphology change during a seizure. Note seizure shows fast initial oscillatory
activity at ~7Hz evolving into slower spike and wave activity at ~2.5Hz.
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While Bazhenov et al. have provided some useful insight into how different seizure
morphologies may be generated, their model does not explain how seizures terminate.
Extending the previous model to include both Na+ and Cl- ion currents, Krishnan et al. (112)
demonstrated that intracellular levels of Cl- were a determinant of seizure duration while
the progressive build up intracellular Na+ was likely to be instrumental in the termination of
seizures.

1.5.8 Susceptibility of the neonatal brain to seizures
The high incidence of seizures in the neonatal period points towards a susceptibility and
relative hyperexcitability of the neonatal brain to seizures, which is borne out by multiple
lines of evidence from both animal and human studies.
During the neonatal period there is intense synaptogenesis as neurons extend both
dendritic and axonal arborizations to connect with their target neurons in an activitydependent manner (70). Studies have shown that both synapse numbers and dendritic
spine formation peaks around term gestation in humans (131;132). A large body of evidence
from animal studies suggests that GABA, the major inhibitory neurotransmitter in the
mature brain, is excitatory during the neonatal period due to the differential temporal
expression of the NKCC1 and KCC2 chloride transporters having opposing effect on
intracellular chloride concentrations, a mode that is considered necessary for neuronal
organisation (133). This ‘excitatory GABA’ hypothesis is not strictly proven for human
neonates, but if true indicates a state of enhanced excitability and a paucity of inhibition in
the neonatal brain. This topic is discussed in detail in section 1.5.13 In addition, certain
types of excitatory glutamate receptor such as the NMDA and AMPA receptor are also overexpressed in the neonatal period relative to mature numbers (134). Both these phenomena
are coincident with a period of increased susceptibility to seizures, as illustrated in figure 39.
In addition, certain subunits included in these transmembrane channels only in the neonatal
period may enhance excitability, for example in the NMDA receptor, the NR2B subunit is
expressed in the neonatal period, conferring longer current decay time to the channel
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relative to the NR2A subunit which is predominantly expressed in maturity (70). Similarly, in
the adult brain, the AMPA receptor is impermeable to Ca2+ due to the presence of the GluR2
subunit. This subunit is absent in AMPA receptors in immature brains in both rat and human
(135;136), thus influx of calcium via this receptor may add to neuronal excitability. A role for
increased expression of certain neuropeptides such as corticotrophin releasing hormone
and its receptors as well as an enhanced inflammatory response have also been suggested
as contributors to excitability (70).

Fig 39. Maturational changes in glutamate and GABA expression and function in the developing
brain. X-axis indicates post conceptional development for human babies and analogous
development for post-natal rats. GABA receptors are primarily excitatory up to and including term in
human babies and the first post-natal week in rats while the inhibitory modality increases gradually
into maturity. NMDA, AMPA and Kainate are all receptors for excitatory glutamate and NMDA and
AMPA receptors reach a peak of expression above adult numbers around term for human babies
and in the first post-natal week for rats. (From Silverstein (137)).
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1.5.9. Do neonatal seizures cause neuronal damage?
The questions of whether neonatal seizures impose additional neuronal damage over and
above the underlying aetiology is an important one as it bears directly on clinical decisions
of how aggressively to treat seizures in the neonatal period.
There is a large body of literature on the effects of seizures on the brain from various animal
models, most commonly the rat model. In rats, the first postnatal week of brain
development is considered roughly equivalent to the slightly preterm to term period of
human development, while week 2 of rat brain development is considered equivalent the
first 6 months of human development. In adult animal models, induced status epilepticus
has been shown to produce profound neuronal loss in several regions of the hippocampus
and abnormal sprouting of mossy fibre projections. (138-141) , however in comparable
seizure models in immature animals studies have failed to find the same degree of neuronal
loss in the hippocampus and amygdala (142), with only limited loss in a flurothyl-induced
seizure model (143) and a model of febrile seizures (144). Thus, despite the immature brain
having a higher susceptibility to seizures than the adult brain, these findings have led to the
conclusion that the immature brain has a higher ‘resistance’ to the effects of seizures, in
terms of cell loss, than the adult brain (142). One line of evidence suggests immature
neurons are more resilient to the neurotoxic effect of excess glutamate with prolonged
seizures, resulting in a reduction of Ca2+ which, in excess, can activate an apoptotic cascade
(145).
While induction of seizures alone in immature animal models may not lead to extensive
neuronal damage, seizures induced in the context of a pre-existing hypoxic insult have been
shown to produce extensive neuronal loss. In a study by Wirrell et al. (1) immature rats
were subjected to either a mild hypoxic insult on its own or a hypoxic injury and then
prolonged seizures were induced by application of the glutamate agonist kainate. Only the
group with the combined insults developed hippocampal neuronal damage (fig 40)
suggesting a central role for seizures in this damage.
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Fig 40. Hippocampal injury using hematoxylin and eosin staining at day 3 of recovery in immature
rat. A.B, low and high powered photomicrograph sections of rat with induced status epilepticus only.
C, D, low and high powered photomicrograph sections of rat treated with hypoxic injury and induced
status epilepticus. Bright pink eosinophilic cells marked with thick arrow represent dying neurons,
healthy neuron marked with thin arrow. From Wirrell. (1).

In terms of the impact of seizures on human neonates, 2 magnetic resonance studies have
suggested an additional deleterious effect of seizures. Miller et al. (146) examined a cohort
of asphyxiated babies with seizures and, using multivariate linear regression, tested the
independent association of seizure severity with impaired cerebral metabolism measured by
lactate/choline and compromised neuronal integrity measured by Nacetylaspartate/choline. The concluded that the severity of seizures was independently
associated with brain injury and not limited to structural damage detectable by MRI.
In a second similar study, Glass et al. (2) also used multivariate regression to examine the
independent effect of clinical neonatal seizures on neurodevelopment in 77 term new-borns
at risk for hypoxic-ischaemic brain injury. After controlling for severity of injury, the seizure
group were found to have worse motor and cognitive outcome than the non-seizure group.
Although some EEG recording was performed, the diagnosis of seizures was primarily made
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through clinical observation. As clinical diagnosis of seizures is unreliable and many seizures
may be missed, as the authors state, this is a weakness of this study and it would be
beneficial to repeat this study solely with EEG conformation of seizures.
Three previous randomised EEG/aEEG based studies have sought to investigate the effect of
aggressively treating seizures on seizure burden and outcome, by treating either on the
basis of EEG/aEEG and clinical evidence of seizures (seen group) or treated on the clinical
evidence alone, blinded to the electrographic evidence (blind group) . Both van Rooij et al.
(13) and Lawrence et al. (147) found a non-significant trend towards lower seizure burden
(>50% reduction) in the seen group, while a reduced seizure burden in the seen group
compared to the blind group in a study by Srinivasakumar et al. (14) did reach significance.
In terms of MRI outcome both Van Rooij (13) and Srinivasakumar (14) found higher seizure
burden was associated with worse MRI scores in the combined seen/blind group while
Lawrence (147) found worse MRI scores in the unseen group compared to the seen group.
Srinivasakumar also performed neurodevelopmental assessment at 18-24 months and
found that higher seizure burden was associated with worse performance scores in babies
from the combined groups.
A recent study by Kharoshankaya et al. (16) examined the effect of seizure burden in
neonates with HIE on neurodevelopmental outcome, as assessed by Bayley III scores at 2
years of age. The authors measured both total seizure burden (TSB) and maximal seizure
burden (MSB) per hour. Crucially the authors used multivariate analysis to control for both
severity of HIE grade and treatment with hypothermia and showed that neonates with high
seizure burden have worse outcomes, independent of the underlying pathology. The odds
of an abnormal outcome increased over 9-fold if a neonate had a TSB greater than 40
minutes and 8-fold if a neonate had an MSB greater than 13 minutes per hour. While this
study provides very strong evidence that seizures impose additional damage to neurons
beyond the underlying injury, the study only examines neonates with HIE. A valuable further
study would include mixed aetiologies.
As Silverstein states (55), ‘there are several credible mechanisms whereby seizures could
amplify ischemic brain injury. Prolonged seizures could increase brain temperature, and
thereby increase metabolic demands throughout the brain. Seizures increase local cerebral
blood flow and may “steal” perfusion from injured brain regions. These mechanisms could,
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in turn, limit the glucose and oxygen supply required to sustain endogenous protective and
repair mechanisms in injured tissue. In addition, prolonged seizures may result in increased
production of diffusible neurotoxic molecules (e.g. cytokines, reactive oxygen species) that
can directly contribute to ischemic cell damage.’

Seizures induce a profound increase in metabolic rate and a consequent increase in cerebral
blood flow (148). Prolonged or repetitive seizures have been shown to decrease local
oxygen tissue saturation using near-infrared spectroscopy in post-asphyxial sheep (149),
neonates (150), and older patients (151), suggesting a mismatch between metabolic
demand and perfusion and relative cerebral hypoxia. In animal models the high metabolic
demand of seizures has been shown to deplete cerebral energy stores such as glucose and
ATP and increase production of lactate and increased intracellular acidosis (152;153).
Similarly reduction in energy rich phosphocreatine substrates of ~33% have been shown in
neonates with seizures using magnetic resonance spectroscopy (154). Using a novel
broadband near-infrared spectroscopy system, Mitra et al. (155) recorded both changes in
cerebral blood oxygenation and changes to the oxidation state of cytochrome-c-oxidase
(oxCCO), a marker of mitochondrial metabolism, in a term neonate with HIE and repetitive
electrographic-only seizures. While there was a rapid increase in Δ[oxCCO] coincident with
the onset of each seizure, indicating increased energy demand, there was also a progressive
decline in the Δ[oxCCO] baseline (see figure 41) with repeated seizures, suggesting an
overall decrease in mitochondrial oxidative metabolism which may contribute to the
exacerbation of brain injury after prolonged or repetitive seizures.
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Fig 41. Changes in aEEG, NIRS and systemic variables in an infant with HIE during five recurrent
electrographic-only seizures. S1..S5 denote seizures. NIRS variables: Δ[HbD] hemaglobin difference,
Δ[HbT] total hemaglobin, Δ[oxCCO] change in oxidative state of cytochrome-c-oxidase. Systemic
variables: BP mean – mean blood pressure, HR heart rate, SpO2 peripheral oxygenation saturation,
0
C rectal temperature. Note the progressive drop in Δ[oxCCO] baseline with repeated seizures. From
Mitra (155).

1.5.10 Epileptogenesis

Epileptogenesis is defined as the process of developing epilepsy in later life, characterised
by recurrent seizures (156). While epileptogenesis can occur in adult life, often as a result of
traumatic brain injury or stroke, epileptogenesis also occurs both in early childhood, often
after complex febrile seizures, and infancy, with up to 27% of neonates with seizures
developing epilepsy (62). Besides various forms of inherited epilepsy syndromes and
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epileptogenic forms of cortical dysgenesis, most cases of neonatal seizures that may result
in epilepsy are from acquired injury, the most common being HIE.

In animal models, despite the relative resistance of immature neurons compared to mature
neurons to repetitive seizures in terms of neuronal death, prolonged seizures do cause
significant and often irreversible changes to the immature brain.

‘kindling’ is an expression originally introduced by Goddard et al. (157) to describe the
progressive changes in the brain as a result of experimental electrical/chemical stimulation
of selective brain structures. It has been proposed as a model for epileptogenesis supporting
the concept that ‘seizures beget seizures’. Mosche et al. (158) found that immature rats
kindled in the first few weeks of life, resulted in lifelong susceptibility to seizures. Holmes et
al. (159) found abnormal sprouting of mossy fibres in the CA3 subfield of the hippocampus
in both immature and mature rats at postnatal day 1, 10 and 60 suggesting repeated
seizures could lead to neuronal re-organisation. They also found a decreased seizure
threshold in maturity compared to controls. The suggestion here is that abnormal neuronal
sprouting may cause recurrent excitatory circuits facilitating future seizures. Only mature
rats experienced cell loss. In another study, Liu et al. (160) found similar mossy fibre
sprouting in immature neurons after chemical induction of seizures, in addition they found
increased expression of the c-fos gene, a marker for neural activation. Another indication of
the effect of neonatal seizures comes from a study by Schmid et al (161). In this study they
subjected rat pups to repeated chemically induced seizures in the first week of life and
found, as previously, no neuronal death. However when the same rats were again subjected
to chemically induced status epilepticus, they had significantly worse neuronal injury than
controls that had not had neonatal seizures, suggesting neonatal seizures sensitise neurons
to the effects of subsequent seizures in later life.

A large proportion of the animal studies of seizure and epileptogenesis have focussed on the
hippocampal region, largely because this area is well known as a brain region susceptible to
seizures in humans (142). The hippocampus and surrounding cortices is also an area that has
long been recognised to be central to certain forms of learning and memory. The ‘Hebbian’
processes of long term potentiation (162) and its counterpart long term depression sculpt
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new circuits underlying memory. Central to this process is the NMDA receptor which, under
normal conditions, requires both ligand binding and membrane depolarisation to displace
its Mg2+ block, allowing influx of Ca2+ and activation of intracellular signalling cascades
resulting in synaptic strengthening. In learning, this dual requirement for activation serves
to associate concurrent inputs as part of a cell assembly. The Mg2+ block of the NMDA
receptors can also however be displaced by single electrical pulse applied to one input
pathway with concurrent, rapid, recurrent ‘tetanic’ stimulation, similar to that occurring in
seizures, via another input pathway (163). It has long been conjectured therefore that the
intense concurrent hyperexcitability occurring during seizures may ‘hijack’ the processes
underlying learning and memory to create aberrant epileptogenic circuits (164). The
recurrent circuitry and high NMDA receptor concentration of the hippocampus may go
some way to explain the vulnerability of this area to seizures and epileptogenesis.
Rakhade and Jensen (156) have described 3 stages of epileptogenesis: early acute changes
occurring from the onset of the initial insult and seizures lasting minutes to days, involving
alterations to ion channel activity and receptors and immediate early gene (IEG) expression:
a latent phase without overt seizures, lasting weeks to years involving transcription,
neuronal death, inflammation, neurogenesis, mossy fibre sprouting and network
reorganisation : a final stage where spontaneous seizures commence.

After intense synaptic activity during seizures, calcium entry via NMDA receptors initiates
phosphorylation of transcription factors such as cyclic-AMP response binding protein
(CREB). After phosphorylation CREB is translocated to the nucleus and initiates early gene
transcription. A number of immediate early genes (IEG) are known to be upregulated in the
first few hours after seizures in animal models of epilepsy (165), including; Fos, Jun, Egr1,
Egr4, Homer1, Nurr77 and Arc which can either modulate secondary response genes or IEG
effectors, which alter synaptic function.

In addition to activation of IEGs, calcium influx into the neuron can affect ion channel and
receptor function directly by activation of secondary messenger intracellular pathways. For
example Calcineurin induced dephosphorylation of GABAA receptors results in endocytosis
and effective decommissioning of these receptors, prolonging neural depolarisation. In
addition phosphorylation by kinase enzymes such as protein kinase C and calmodulin
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dependent protein kinase II on subunits of the AMPA receptor can both increase the
probability of channel opening and channel conductance (156).

Following expression of a number of early genes, a number of long term changes in receptor
transcription and expression occur. GluR2 subunit expression of the AMPA receptor is
reduced after induced seizures in animal models (166) and the absence of these subunits
conveys Ca2+ permeability and hence greater Ca2+ mediated excitability and long term
synaptic potentiation. Long term changes to the subunits of both NMDA receptors (167),
increasing excitation, and to the GABA-A receptor (168), decreasing inhibition, have been
noted in animal models.

Neurotrophins such as brain derived neurotrophic factor (BDNF) and nerve growth factor
(NGF) are a family of proteins with multiple roles in the brain including regulating survival of
mature neurons, synaptic plasticity during learning and memory processes and neurite
outgrowth and synapse formation in developing neural circuits (169). They are released by
target neurons and mediate their effects via the tropomyocin related kinase (Trk) family of
tyrosine kinases receptors. BDNF has been shown to be upregulated after seizures (170),
can initiate seizures and shorten the latency to status epilepticus in adult animals and cause
mossy fibre sprouting (171).

The role of inflammatory processes has also been extensively investigated with regard to
epileptogenesis. Seizures may occur in the context of inflammation, either due to
concurrent infection or due to hypoxic ischaemic injury (70) and there is evidence of both
microglial activation and cytokine production in both HIE (172;173) and inflammation
(174). Induced seizures in animal models have also demonstrated increased cytokine
production and can increase neuronal excitability, for example the interleukin IL-1R1 can
modulate the NR2B subunit of the NMDA receptor to increase Ca2+ influx. Cytokines have
been shown to increase neuronal cell death in adult animal models by both excitotoxic and
apoptotic mechanisms (175). Microglia have a role in ‘synaptic stripping’ detaching
presynaptic terminals from neurons in the context of both neural development and injury
and inhibitors of microglial activation have been shown to reduce cell death in Kainate
induced seizure mouse model (176).
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As mentioned, induced seizures in animal models can elicit neuronal sprouting such as that
seen in mossy fibre sprouting from dentate granule cells in the hippocampus. Sprouting is
seen in both adult and immature animal models of seizures and epileptogenesis, although
the sprouting patterns are somewhat different. In adult models, mossy fibres sprout into the
inner molecular later of the dentate granule cells (177) while in immature models mossy
fibres sprout into the CA3 region and the stratum oriens (178). The difference is likely due
to different developmental stages of connectivity, but the aberrant connections in both
cases may contribute to epileptogenesis.

Similarly there are different patterns of neurogenesis observed as a consequence of seizures
and epilepsy with studies from both human tissue (179) and adult animal models, showing
increased neurogenesis at seizure foci while immature animal models tend to show reduced
neurogenesis (180). Again both findings represent a perturbation of normal neural
organisation and may play a role in epileptogenesis.

It must always be kept in mind when considering the body of evidence from animal studies
that neither experimental induction of pathological conditions, such as chemical or electrical
induction of seizures or experimental insults causing hypoxic injury, may entirely mimic
those experienced by humans in the clinical situation, and that human and animal
physiologies will not be identical and may react differently to insults, particularly in light of
the fact that most of recent work over the last few decades has focussed on mouse and rat
studies (181). Despite these limitations, the animal data represents a unique opportunity to
study the effect of pathological processes at various levels from the behavioural level of the
intact animal to the cellular and biochemical level. It is clear from the clinical human
outcome data that epilepsy is a consequence of early life seizures for many, and in
conjunction with the animal data it is clear that the contributors to epileptogenesis are likely
multi-factorial and appear to show both common factors and variation, dependent on
aetiology and age of seizure onset.

1.5.11 Long term Consequences of epilepsy
The defining feature of epilepsy are repetitive seizures, however epilepsy is really an
‘umbrella’ term including a wide range of neurological conditions that have been broadly
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classified (182) by the International League Against Epilepsy as genetic epilepsies,
structural/ metabolic epilepsies and epilepsies of unknown cause. Genetic epilepsies
include those with neonatal onset such as Benign Familial Neonatal Seizures, infantile onset
such as Dravet’s syndrome, West’s syndrome or Ohtahara syndrome and those with a
childhood onset such as Juvenile Myoclonic Epilepsy. In the structural/metabolic epilepsies,
structural epilepsies would include those with associated damage from stroke, trauma,
hypoxic injury and infection and those resulting from errors in neural migration such as
lissencephaly and polymicrogyria, while metabolic conditions resulting in seizures, such as
pyridoxine dependent seizures are included in this group, though they may also have a
genetic basis. Many epilepsies of unknown cause such as Benign Rolandic Epilepsy and
Panayiotopoulos syndrome may also have a genetic basis which remain to be elucidated
(182).

Epilepsy affects 50 million people worldwide and in roughly two thirds seizures can be
successfully treated. In the remaining one third however, seizures are refractory to
treatment and it is this group that epilepsy has the greatest impact (183). Patients with
refractory epilepsy have an increased risk of mortality (184) and a reduced life expectancy
of up to 10 years (185). Increased mortality is associated with various causes including
sudden death in epilepsy (SUDEP), suicide, accidents, vascular disease and other causes
(183). SUDEP may have various contributing factors and not always involve a preceding
seizure, however cessation of respiration and cardiac arrhythmia may be associated with
tonic clonic seizures (183). Epilepsy can also increase the risk of injury, In a study by Buck et
al. (186), 35% of a cohort of patients with active epilepsy had experienced an injury in the
year prior to survey with seizure type, severity, and frequency predicting likelihood of injury.
As well as the obvious acute loss of cognitive function during generalised or complex partial
seizures, epilepsy can have profound effects on general cognition and cause significant
behavioural problems. When assessing the impact of epilepsy on cognition in the group with
associated structural brain abnormalities or lesions, it is often difficult to separate the
effects of the underlying lesion from those of seizures (187). However, as well as the animal
data previously discussed, indicating both neuronal death and remodelling of brain circuitry
subsequent to seizures, human studies have shown that patients with refractory epilepsy
show progressive cognitive decline. In one study by Bjornaes et al. (188) where adults and
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children with epilepsy were tested twice with an interval of 2.5 years, a significant decline in
IQ was noted in the child group. Such findings have led to the concept that, in many
patients, epilepsy can be considered a progressive disease. This concept is supported by
imaging findings such as those of Briellman et al. (189), where repeat MRIs with an interval
of ~3.5 years of patients with temporal lobe epilepsy showed a progressive loss of
hippocampal volume which was correlated with the number of seizures between the scans.
As well as seizures, interictal epileptiform discharges , particularly generalised spike and
wave bursts lasting at least 3 seconds, have been shown to affect ongoing cognition, with
working memory and language tests particularly sensitive to these changes (190). Interictal
discharges may also underlie some of the behavioural problems common in patients with
epilepsy. In a controlled study by Pressler et al. (191) interictal discharges were treated in a
group of children with epilepsy and behavioural problems with Lamotrigine (LMT) as an addon therapy. Where interictal discharges were reduced, behavioural scores improved. Seizure
frequency was unchanged after LMT and could therefore be excluded as a confounding
factor in the observed improvement in scores. 20-30% of all patients with epilepsy have a
psychiatric diagnosis, while those with temporal lobe epilepsy appear to particularly
vulnerable with rates increasing to 50-70% (187). While psychiatric problems may be
directly caused by epilepsy or the underlying aetiology causing the seizures, the social
stigma attached to epilepsy is also likely to contribute.

In addition to these factors, epilepsy can adversely affect educational attainment,
employment status, marital status, driving, self-reported measures of quality of life (187)
and financial consequences for healthcare systems, individuals and their families (192).
There are a plethora of AEDs available for the treatment of seizures, tailored to different
seizure types and given as polytherapies where seizures are refractory. Epilepsy surgery may
also be an option to remove epileptogenic foci. Most AEDs have side effects which are
reviewed elsewhere (193) and surgery carries its own risk. Thus the various pros and cons of
balancing seizure control against possible adverse effects of treatment involve complex
discussion between clinicians and the patient or their carers.
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1.5.12 Anti-epileptic drugs for neonatal seizures
The first-line drug for neonatal seizures is phenobarbitone, with phenytoin and
benzodiazepines such as midazolam frequently used as second line drugs (70).
Phenobarbitone is a barbiturate that binds to the GABAA receptor and potentiates the effect
of GABA by prolonging the mean opening time of the receptor (194). The GABAA receptor is
a pentomeric ion channel that allows passage of Cl- ions through a pore down its
electrochemical gradient. When extracellular concentrations of Cl- are higher than
intracellular concentration, influx occurs, hyperpolarizing the neuron and decreasing the
likelihood that it will fire an action potential. There is also evidence that the AMPA/Kainate
subtype of glutamate receptor may also be blocked by phenobarbitone (194;195). Studies
have shown that its effectiveness is limited, abolishing seizures in only 30-50% of cases (196198). Midazolam also acts on the GABAA receptor by increasing its frequency of opening.
Phenytoin exerts its inhibitory effect by blocking voltage gated Na+channels and has a
similar limited efficacy in abolishing seizures to phenobarbitone (198).
Considering the wide range of antiepileptic drugs now available, very few have been
thoroughly tested on neonates. Lidocaine has shown some effectiveness against neonatal
seizures but it’s use is limited by potential cardiac toxicity (70). Topiramate and
levetiracetam have also been reported only anecdotally to be effective (70). Thiopentone
was tested on 9 neonates with seizures resistant to phenobarbitone by Bonati et al. (199),
with 100% cessation of seizures, but potential adverse effect on respiration could not be
assessed as all patients were already ventilated. Paraldehyde was tested by Connell et al.
(200) in 15 patients with no cessation of seizures in any patients and only an equivocal
responses described as a delayed or poorly sustained response (return of seizures within 24
hours).
Therapeutic hypothermia is now used in routine clinical practice for neuroprotection in HIE
and has been shown to reduce seizure burden (69). Xenon gas is currently undergoing a
clinical trial for neuroprotection and there are some anecdotal indications that it also may
have a suppressant effect on seizures (54).
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Due to the poor efficacy of currently used medications, there is a pressing need to test drugs
developed for older patients in the neonatal population in the neonatal group with full
randomised control trials.
The potential for Bumetanide as an antiepileptic therapy for neonatal seizures evolved from
a series of experiments suggesting that GABA may have an excitatory mode of action in the
preterm and neonatal period. However, the trial had to be terminated prematurity due to
safety concerns; consequently the use of bumetanide for neonatal seizures con not be
recommended (201).
1.5.13 The ‘excitatory’ GABA hypothesis
There is a large body of evidence from animal studies, reviewed by Ben Ari (202) that GABA
exerts a primarily excitatory role in immature neurons during prematurity and that a switch
to a mature inhibitory mode occurs around the second post-natal week. This excitatory
mode has been linked to a variety of developmental processes but is also cited as
contributing to the susceptibility of the immature brain to hyperexcitability and seizures
(see 1.5.8).
Central to the hypothesis is the differential expression of two neuronal chloride
transporters. The NKCC1 transporter is predominantly expressed during early development
and transports Cl- into the neuron, maintaining a high intracellular concentration of Cl- inside
the neuron relative to outside. Binding of GABA to its receptor causes channel opening and
a net efflux of negative current, depolarising the cell (fig 42a). Conversely during the early
postnatal period in animal studies, there is a change in expression with a marked reduction
in NKCC1 expression and an upregulation and predominance of the KCC2 transporter. The
KCC2 transporter has the opposite effect, exporting Cl- and maintaining low intracellular Clsuch that GABA binding and channel opening causes net influx of Cl- and subsequent
hyperpolarisation of the neuron and effective inhibition (fig 42b) (202).
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Fig 42. Developmental changes in neuronal chloride transport. A) In immature neurons high NKCC1
expression maintains high intracellular Cl- with subsequent Cl- efflux and depolarisation with
activation of the GABA receptor pore with binding of GABA. B) In mature neurons, KCC2 expression
predominates maintaining low intracellular Cl-. Channel opening causes influx of Cl- and
hyperpolarisation. From Ben Ari (202).

Dzhala et al. (203) used western blot and immunofluorescence to analyse the expression
patterns of NKCC1 and KCC2 transporters during development in the cortex of both rats and
humans. Findings were similar for both animal and human data with high NKCC1 expression
in the period up to and including the perinatal period and the opposite result with KCC2
expression being low in early development and increasing post term (fig 43). Levels of
receptor patterns for both NKCC1 and KCC2 are expressed as percentages of adult levels
rather than relative to each other making a judgement about the proportional balance
between them less easy to assess.
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Fig 43. Expression of NKCC1 and KCC2 chloride channels during development in the rat and human.
A) rat, b) human. Data is expressed as percentage of adult values. From Dzhala et al (203)

Dzhala et al. state that GABA acting anticonvulsants such as phenobarbitone are ineffective
in controlling neonatal seizures, citing a paper by Connell et al. (204) in which
phenobarbitone only achieved full seizure control in 2 of 31 babies. However other papers
have quoted much higher rates of seizure control between 30 and 50% of patients (196198). It may be the exceptionally poor results from Connell et al. may reflect the severity of
the patient group.
In the same paper the authors studied the effect of phenobarbitone on induced seizure-like
activity on hippocampal slices of different age groups in vitro. In neonatal p6-9 rats and p912 day old rats no effect was seen on seizures while seizures and EEG power were reduced
in older p15 rat slices. The authors proceeded to test the anticonvulsant effects of
Bumetanide, finding that ictal-like activity was depressed in hippocampal slices from p7 to
p17 but not in older p22-25 rats and therefore propose Bumetanide as a potential
treatment for neonatal seizures.
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While the evidence from this paper and others suggesting an excitatory role for GABA is
compelling, as Vanhatalo (205) points out, results from animal models should be treated
with caution especially when data shows diverging results and do not match with the data
concerning anticonvulsant efficacy for neonatal seizures from the clinical situation (206).
Chemically induced seizures do not necessarily relate to the situation in sick human
neonates and measures such as reduced spectral power after Bumetanide and a reduction
of ‘ictal-like’ events do not necessarily equate to a reduction in true seizures in neonates.
Ultimately, the perceived ineffectiveness of phenobarbitone and other GABAergic drugs and
the effectiveness of drugs like Bumetanide rely intimately on the validity of the excitatory
GABA hypothesis, in turn mediated by high intracellular chloride levels facilitated by a high
expression of the NKCC1 transporter in neonates. While this model seems to have been
accepted by many scientists, there have been several papers questioning this data and
subsequent rebuttals.
Recent papers by Rheims (207) and Holmgren (208) have suggested that the excitatory
nature of GABA is essentially an artefact attributable to energy deprivation when glucose is
the sole energy source and that the excitatory mode of GABA can be reversed by the
addition of eitherfatty acids, pyruvate or lactate into the nutrient milieu. These claims were
rebutted by Tyzio (209). More recently it has been suggested by Bregestovski (210) that the
slice preparation itself is the cause of high intracellular chloride due to the fact that neurons
damaged in the slicing procedure tend to accumulate chloride. These claims were also
refuted by Ben Ari (211).
If GABA were wholly excitatory during prematurity and the neonatal period, one would
expect anticonvulsants such as phenobarbitone not only to not work, which they do in a
significant proportion of babies, but also the logical conclusion would be that
phenobarbitone should markedly exacerbate seizures causing an abrupt increase in seizure
frequency or lead to status epilepticus, which has not been reported in the clinical
literature.
One question which has not been addressed in this literature is, if GABA is excitatory in
neonates, wherein lies the inhibition in the neonatal brain? What is to stop any neuronal
impulse from propagating in an uncontrolled wave of over-excitation into a seizure?
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Another line of evidence form the clinical arena also points towards an inhibitory role for
GABA in the neonatal period. Pyridoxine dependent epilepsy (PDE) (212) is a syndrome
resultant from an inborn error of metabolism whereby pyridoxine levels are insufficient.
Pyridoxine acts as a cofactor for the enzyme glutamic acid decarboxylase, which converts
glutamate to GABA. The lack of GABA often results in neonatal or even intra-uterine seizures
and status epilepticus. If diagnosed, seizures can be terminated with administration of
pyridoxine or its metabolite pyridoxal-5-phosphate. Notably, in addition to abrupt
termination of seizures after pyridoxine administration, it is often the case that the EEG
activity will become markedly suppressed or even flattened (212-214) and can be associated
with respiratory collapse. Quite why the EEG flattens and does not just ‘normalise’ has not
been elucidated. It may be that in the absence of GABA, GABA receptors are up-regulated
and/or hypersensitized, such that on the administration of pyridoxine and subsequent GABA
production, neurons ‘overreact’ to the presence of GABA before normalising (213), often
over the course of many hours. While PDE is a pathological situation, the effect of GABA in
this situation is clearly inhibitory. An example of the effects of pyridoxine administration on
the EEG in PDE is shown in fig 44. While this example is of a 3 month old child, similar
findings have been reported for younger babies (215).

Fig 44. Effects of IV pyridoxine in a 3 month old infant with PDE. a-d) EEG (compressed) at 10
minutes intervals post pyridoxine administration showing progressive discontinuity and suppression
of activity.
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1.5.14 Electroclinical dissociation and uncoupling
The term ‘electroclinical dissociation’ has been variously used to describe clinical seizures
without an EEG correlate (216) or conversely any electrical seizures without a clinical
component (196). The term ‘electroclinical uncoupling’ has been used more specifically to
describe the loss of the clinical component of an electroclinical seizure after anticonvulsant
administration, resulting in ongoing electrographic-only seizures (217;218) and is the term
preferred in this thesis (Study 3, chapter 4) to describe changes in seizures after
phenobarbitone. Phenobarbitone and other anticonvulsants are known to cause
electroclinical uncoupling. In many neonates, electroclinical seizures become purely
electrographic after treatment with phenobarbitone or phenytoin. In one study (218) it was
found that 58% of babies who had electroclinical seizures before AEDs went on to have
"electrographic only" seizures after treatment. In another study incorporating data on
seizure burden (196) incorporating 14 babies with seizures, it was found that 4 babies
responded completely to phenobarbitone while the remaining 10 showed a reduction in
electroclinical seizures and a continuation or increase in electrographic-only seizures. The
obvious implication of this is that seizures are likely to be missed after AED administration
unless babies are monitored with continuous EEG (6).
The cause of electroclinical uncoupling has not been fully elucidated, however, a study by
Glykys (217) has proposed a possible mechanism based firstly on the differential temporal
expression of the NKCC1 and KCC2 transporters in development, outlined above, and
secondly on the finding that the mature pattern of dominant KCC2 expression in the CNS
proceeds from the immature NKCC1 pattern in a rostro-caudal fashion. It is suggested that
GABA assumes its inhibitory mode in subcortical structures such as the thalamus in the
neonatal period before the neocortex, which maintains an excitatory response to GABA. The
result of this is that seizures involving both cortex and thalamus will tend to be suppressed
by phenobarbitone activity in the thalamus, thus blocking clinical expression, while seizures
in the cortex are unaffected or exacerbated by phenobarbitone.
In a series of experiments using perinatal rat pups, the authors initially used Clomeleon
staining to show that thalamic neurons maintained a lower concentration of intracellular Cl-
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than cortical neurons consistent with the observed differential spatial expression of NKCC1
and KCC2.
The authors then proceed with a series of neurophysiological experiments. They first
recorded spontaneous extracellular multiple unit activity (MUA) in rat brain slices in vitro
under application of Isoguavine (ISO), a GABA agonist. The results are shown in fig 45. The
authors report in initial decrease in activity in the thalamus after ISO application and an
initial increase in activity in the cortex. The authors state that after an initial increase in the
cortex there was a later decrease in activity below the initial baseline and cite this as
essentially an artefact due to the chronic application of ISO. They therefore ignore this later
decrease in cortical activity, analysing only the early response. The graphs shown in figure in
fig 45 are somewhat confusing in this respect. The peak in the cortical frequency graph
occurs at approximately 125 seconds and from the upper trace of the recording, clearly
during ISO application. The reduction in activity in the cortex occurs largely after
termination of ISO application and is the part apparently disregarded. The left hand
frequency graph in the thalamus shows a trough at roughly the same time from 100 to 125
msec into the recording thus the changes appear to occur at the same time in cortex and
thalamus, however, looking at the upper recording trace it is clear that the period of ISO
application is shifted to the left in the trace from the thalamus, such that the trough in
activity occurs after ISO application is terminated. There is no apparent reduction in activity
during ISO application and no assessment in change from baseline can be made as no
substantial portion of baseline prior to ISO application in the activity trace for the thalamus
is provided. It is not clear then when the authors state that they are analysing only early
changes, at which point they stop their analysis as, ignoring the late reduction in activity
after ISO in the cortex should also result in ignoring the late reduction in activity in the
thalamus also, in which case there does not appear to be any change in activity during ISO
application in the thalamus from the graphs provided.
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Fig 45. MUA activity in thalamus and cortex. A) MUA activity recorded from thalamus (left) and
cortex (right). B) Firing frequency graphs from thalamus and cortex.(From Glykys (217)).

The authors then proceeded to record from both cortex and thalamus in thalamocortical
slices after induction of repeated seizure-like activity induced by low Mg2+ and study the
effects of applied phenobarbitone on seizures using power spectral analysis to compare
mean power during baseline and phenobarbitone application in both. The authors found
that mean power was reduced in the thalamus but not the cortex after phenobarbitone
application, supporting an increased action of phenobarbitone in the thalamus relative to
the cortex. What the authors do not report, and which is clear from their figure (fig 46) is
that while seizures continue is both cortex and thalamus, seizure frequency is reduced in
both areas equally. In both thalamus and cortex there are approximately 15 seizure-like
events in the baseline before phenobarbitone application. In a similar time period during
phenobarbitone application in both thalamus and cortex there are approximately 5 seizurelike events thus seizures are reduced equally by approximately 2/3.
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A

B
Fig 46. Recording of ictal events in thalamocortical slices and the effects of phenobarbitone. A)
recording from neocortex and thalamus, abrupt increases in firing denote seizure events. B) Power
spectra of upper traces. From Glykys (217).

While power spectral analysis provides a quantification of the activity present, it does not
quantify seizure frequency, which is also a valid criterion for assessing the effects of AEDs on
seizures.
The authors then proceed to perform similar studies in disconnected thalamus and cortex,
showing a reduction in power in the thalamus but not the cortex after phenobarbitone
application. From their graphs however the frequency of ictal-like events does not appear to
markedly change in either (not shown).
Finally, the authors show that Bumetanide augments the effects of phenobarbitone in the
cortex but not the thalamus supporting the observations that NKCC1 transporters are
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increased in cortex relative to thalamus. However this does not necessarily mean that these
neurons are inherently excited by GABA.
Ultimately the authors have shown that phenobarbitone causes a decrease in EEG seizure
power in the thalamus with apparently equivocal power changes in the cortex and an
equivalent reduction in seizure frequency between cortex and thalamus after
phenobarbitone. This, together with clinical evidence that phenobarbitone is effective in 3050% of neonates with seizures and a lack of clinical evidence that phenobarbitone
exacerbates seizures in the cortex, supports the claim that phenobarbitone may exert more
efficacy in the thalamus than cortex and in turn suppress the clinical manifestation of
seizures, however it does not clearly show that GABA is excitatory in the cortex.
It is also possible that in electroclinically uncoupled seizures there is simply less involvement
of the motor strip, thus overt clinical signs do not appear. Alternatively, as is examined in
study 2 of this thesis, AEDs such as phenobarbitone may affect one or more of the features
of seizures such as amplitude such that seizures may not reach some threshold of severity
required to drive subcortical circuits and therefore clinical manifestations of seizures.
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1.6 Detecting neonatal seizures
1.6.1 Clinical vs EEG vs aEEG detection
Neonatal seizures have a highly heterogeneous clinical presentation often associated with
subtle manifestations described previously. Also, neonates naturally display a range of
suspicious movements such as stiffening, cycling movements, blinking or lip smacking.
Furthermore preterm babies often display spontaneous jerky, jittery or myoclonic
movements associated with normal developmental processes. Desaturations also often
raise concern and may prompt investigation if no other cause is evident. All these
phenomena may or may not be seizures and often is impossible to tell categorically from
clinical observation alone.
Whether due to electroclinical uncoupling or other factors such as drug paralysis, studies
have indicated that a high proportion of neonatal seizures are electrographic-only, allowing
no chance of detection by clinical observation alone. Bye et al. (3) found that 85% of
seizures in their neonatal group were subclinical. Another study by Murray et al. (4)
compared clinical annotations of seizures against the electrographic evidence in 51
neonates with a total of 526 seizures. Results showed that of 526 electrographic seizures
only 179 (34%) had clinical manifestation and over diagnosis on clinical-only evidence was
common; of 177 clinically suspected seizures only 48 (27%) had electrographic evidence of
seizures. Ultimately, only 9% (48/526) of electro-clinical seizures were recognised by clinical
staff. From this evidence it is clear that clinical detection of seizures is poor.
The aEEG trend is often used in neonatal units to detect seizures. However, a study by
Rennie et al. (5) showed that only approximately half of seizures present on the EEG were
detected by aEEG analysis alone. Missed seizures were often low amplitude, short and focal.
Fig 47 shows the aEEG /EEG of a baby with < 10 seizures/hr that were undetected by aEEG.
Other studies have shown that detection rates using aEEG show large variation with results
ranging between 12% and 76% (7;219;220), aEEG electrodes are generally only applied to
the parasaggital fronto-central or parietal regions of the head, such that focal seizures in
other areas will not be recorded. Considering that the aEEG is an amplitude based trend, if
seizures are low amplitude and not markedly different from the background amplitude they
may not appear on the aEEG trace. As will be shown in this thesis (study 3) phenobarbitone
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markedly reduces seizure amplitude, such that seizures visible on the aEEG prior to
medication may not be visible after, potentially leading to a false conclusion of seizure
cessation. Similarly the aEEG is a temporally compressed trend of the EEG such that short
seizures are also unlikely to be identified. aEEG therefore is useful for detecting higher
amplitude seizures over parasaggital fronto-central or parietal regions of the head, but suboptimal for detecting more minor seizures over more inferior regions and reliably
quantifying seizure burden.

Fig 47. Example of seizure undetected on aEEG. a) aEEG, b) discontinuous background, c) focal
seizure (from Rennie(5)).

Multichannel EEG remains the only reliable means of detecting electrical seizures. Modern
EEG systems are now compact and nest at the cotside without intrusion. With this and the
advances in data storage capability, there is no real obstacle to prolonged EEG monitoring of
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‘at risk’ babies for several hours or over days. One drawback of this large volume of data is
the requirement of EEG ‘literate’ experts to scroll through the data and identify seizures.
Clinical neurophysiologists are not always available, particularly out of hours and in this
instance it falls to intensive care staff to monitor the EEG trace. Clinical staff often have a
taxing workload making this role difficult. In addition, having only limited expertise in EEG
analysis may lead to misdiagnosis due to the plethora of artefacts that can mimic seizures.
With these factors in mind, it is clear that there is a pressing requirement for automated
methods of seizure identification in this vulnerable group.

1.6.2 Automated seizure detection for neonatal EEG
There has been much interest in automated seizure detection over the last 2 decades with
numerous algorithms developed (see 1.6.4.). Designing an algorithm to detect seizures is
not a trivial task. Although there have been some basic descriptions of what constitutes a
seizure (58), neonatal seizures are highly varied and identification by human raters is to a
large degree an exercise in gestalt recognition and there are no studies of inter-rater
agreement where a consensus has been defined (221). In addition there are numerous
source of artefact (see section 1.1.3.5) which can mimic the rhythmicity of seizures, their
most defining feature.

1.6.3 Basic performance analysis of seizure detection algorithms.
The analysis of previously published algorithms invariably includes either event based or
time based metrics, or both. This will hitherto be described as ‘basic’ performance analysis.
In order for developers to fully understand what their algorithm is doing well or not well,
with a view to possible improvements, it is also necessary to look closer at the
characteristics and features of seizures that are being detected or not and the causes of
false detection. This will be referred to in future as ‘in depth’ analysis.
Basic metrics are reported in a variety of forms which can often make comparison of the
performance between different algorithms problematic (12). Epoching the EEG data into
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short segments allows a quantification of the amount of EEG correctly or incorrectly labelled
by the SDA as seizure or non-seizure, so called time based metrics, where; true positives
(TP) are epochs correctly identified as seizures; false positives (FP) are epochs incorrectly
identified as seizure; true negatives (TN) are epochs correctly identified as non-seizure and
false negatives (FN) are epochs incorrectly identified as non-seizure. Sensitivity and
specificity are; sensitivity = TP/(TP + FN) and specificity = TN/(TN + FP). As there is a trade-off
between sensitivity and specificity in systems where the sensitivity can be varied, it has
been suggested that receiver operator characteristic (ROC) curves, where sensitivity and
specificity can be plotted against one another to yield an area under the curve, may be of
value (12).
An alternative is to report event based metrics such as seizure detection rates (SDR) , also
reported as good detection rates (GDR), which is the percentage of detected seizures
relative to the annotations of a human expert as the ‘gold standard’, in combination with a
measure of false detections (FDs), usually quoted as an average frequency per hour (FD/h).
In one sense time based metrics can be considered as a more precise ‘engineering’ metric
than event based metrics as they give a value for the total amount of correctly identified
EEG. However, clinicians are likely to be more interested in whether the SDA provides a
reliable indicator of ongoing seizures, for which event based metrics are more indicative. For
example, if the SDA detected all of one 10 minute seizure but missed ten subsequent 1
minute seizures, its sensitivity would be 50% but its detection rate would be only 9%.
Temko (12) has suggested a further metric, the mean false detection duration (MFDD)
should also be included to fully quantify false detections.

1.6.4 Previous automated seizure detection algorithms
There have been a number of attempts to devise a clinically robust automated seizure
detection algorithm for neonatal EEG. Currently only 2 algorithms are available
commercially; the ‘Recognize’ algorithm of Navakatikyan (222) which is incorporated into
the Brainz aEEG monitor (Natus Medical Inc, USA), which has only a 2 channel EEG
capability; and the algorithm from Gotman (223) which is incorporated into the Stellate EEG
system (Natus Medical Inc, USA). Neither are widely used in neonatal clinical practice.
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Automated seizure detection relies heavily on the fact seizures have an inherent rhythmicity
or periodicity, generally with a dominant frequency. This can be exploited to detect seizures
in a number of ways, a process known as ‘feature extraction’. The main differences in SDA
design in this respect are which features and how many of them to extract. Once features
have been extracted a decision has to be made as to whether the EEG signal contains a
seizure. This must ultimately be a binary decision and is made by a ‘classifier’. Two main
approaches to classification have been adopted (7). The first is to apply a predefined
threshold or heuristic value above which a seizure is designated, the second is to utilise a
neural network learning algorithm such as a ‘support vector machine’ (SVM). A SVM based
system is ‘trained’ on a dataset of EEG with seizures annotated and the decision process is
therefore ‘data driven’. A further important consideration is whether the SDA is applied to a
single channel or multiple channels independently, or whether it considers the channels in
combination, thus including the statistical relationships between channels sharing epileptic
activity during a seizure (224). The relative advantages and disadvantages of these
approaches, as well as strategies adopted to reduce false detection, will be considered in
this chapter.
As stated, seizures tend to be rhythmic, raised amplitude and have one or few dominant
frequencies which set them apart from the lower amplitude more random activity of the
background EEG. When the EEG signal is processed into ‘trends’ these differences often
remain and can be utilised to detect seizures. Figure 48 illustrates this point. The seizure
seen in the lower panel changes the parameters of various trends (top panels) relative to
the background. The location of the seizure on the trends is denoted by the vertical grey
bar. The figure includes several frequency based trends including the absolute band power
in which the marked increase in delta frequency activity during the seizure is displayed in
red (colours denote frequency bands), the total power (summation of band powers) and the
spectral edge (the frequency below which 90% of the signal energy resides).
Gotman et al. (223) developed an algorithm based on 3 types of analysis; spectral analysis to
detect rhythmic discharges based on comparing 10 second epochs of EEG data with an
epoch occurring 60 seconds before (background); spike detection to detect groups of
abnormal spikes; and low pass filtering to detect low frequency seizure (<0.5Hz). Their
algorithm was tested on large training (223) and test (unseen) datasets (225). Importantly
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their data sets were unedited and contained typical artefacts incurred on the neonatal unit
such as pulse and respiration artefact. The results on the training dataset yielded a 71%
seizure detection rate with a false detection rate of 1.7/h. For the test data from 54 patients
the seizure detection rate was slightly lower at 69% with a higher false detection rate of
2.3/h. The authors found that their algorithm did not work well if seizures occurred in
clusters with a short interictal period, as the ‘background’ epoch 60 seconds previous with
which they were comparing the current epoch might itself be a seizure, thus the algorithm
compares seizure with seizure and finds no difference. The same would also presumably be
true of long seizures. They therefore created a criteria for detecting clusters of seizures
whereby, if the algorithm only detects the first of a cluster of closely spaced seizures, it was
deemed to have detected that cluster. The authors state that a ‘user will most often look
before and after the (detected) seizure and will therefore see possible neighbouring
seizures.’ While this is possibly true for an experienced user, a novice user may not have the
skill to detect seizures using EEG and the user will also want a seizure detection algorithm to
give a good summary estimate of the total seizure burden over time. An algorithm which
misses seizures matters greatly in this respect; clinical users want to monitor the evolution
of the seizure burden and the effect of treatment accurately over relatively long periods of
time, including times when they are not at the cotside. The authors did not adopt any
artefact reduction strategies in their algorithm, other than to reject area of flat EEG trace
due to electrode disconnection.
Liu et al. (226) used autocorrelation to detect seizures whereby an epoch of EEG is
compared to a slightly delayed version of itself. Epochs of rhythmic seizures activity will
show a higher correlation than epochs of irregular background EEG (fig 49b). In this paper
the algorithm achieved a sensitivity of 84% and a specificity of 98%. The algorithm was
tested on a small group of only 14 patients. Also the whole EEG recording was not used and
the authors selected 59 * 30 second epochs containing ‘prototypical’ seizures and 59 epochs
of non-seizure data some of which was reported as including possibly ‘confounding periodic
and rhythmic patterns’ such as ECG and respiration artefact, frontal rhythmic delta and
Trace Alternant. The results should then be viewed with a degree of caution as it is not clear
whether the inclusion of confounding data represents a realistic proportion of the data and
the algorithm was seemingly not tested on ‘atypical’ seizure types. By using only selected
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epochs the authors are not able to provide event based data, i.e. seizure detection and false
detection rates, which clinicians assessing the algorithm’s performance may find more
useful. No processing steps to reduce false detections from artefacts were employed in their
algorithm.
The complexity of the EEG signal has also been used to differentiate background EEG from
seizures. The background EEG is mixed frequency and complex whereas seizures tend to
show dominant rhythms and are therefore less complex. For example, Fig 48 shows a trend
for spectral entropy, a measure of complexity, which reduces during a seizure. Changes in
complexity provided the basis of a seizure detection method developed by Celka et al. (8).
The compared their algorithm to those of Gotman and Liu quoting superior results with a
good detection rate of 94% and false detection rate of 4%. However, their algorithm was
only tested on 4 short 8 minute epochs of real data from only 4 babies. These results on
such a small and selected dataset can only be viewed as preliminary results. The algorithm
included a preprocessing stage where a ‘whitening’ filter was applied, which was claimed to
reduce the effects of artefacts, however no reference to its effects on specific artefact types
was given.

Fig 48. Effects of seizures on frequency and entropy based trends. The lower panel shows a portion
of an electrographic seizure (total timebase ~12 s). The upper panel displays various frequency,
amplitude and entropy based trends (timebase ~120 min).
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a)

b)

Fig 49. Cross correlation and autocorrelation. a) Cross correlation - upper traces show two separate
EEG channels showing rhythmic seizure activity and high correlation between channels. Lower two
traces show ‘random’ background activity and low correlation. b) Auto correlation - upper two traces
show an epoch of rhythmic seizure activity from the same EEG channels compared against a delayed
version of itself with high correlation. Lower traces show an epoch of irregular background activity
correlated against itself with low correlation.

Altenburg et al. (10) utilised the fact that seizures tend to involve more than one channel of
EEG and that the rhythmic activities of seizures should cause correlations between these
channels (Fig 49a). The authors used this cross correlation method to derive a
‘synchronisation likelihood’ score and detect seizures. The algorithm was initially tested on
41 very short 21 second selected epochs, the results showing a sensitivity of 0.85 and a
specificity of 0.75. The algorithm was further tested on a larger dataset of 20 full unedited
EEGs by Smit (227). The results quoted for epochs were a sensitivity of 65.9% and a
specificity of 89.8%. This algorithm is reliant on a seizure involving at least 2 or more
electrodes. While it is true that this is often the case, seizures in neonates are often focal
and involvement of multiple electrodes requires that sufficient electrodes are applied to
give sufficient coverage. The montage the authors have used involved only 2 electrodes over
the frontal lobes at frontal polar (forehead) positions with the nearest proximal electrodes
in the central position, a distance of nearly half the brain in the anterior-posterior axis. With
this montage it is quite possible that seizures involving the frontal lobes would not have
propagated to central electrodes. In terms of how the algorithm dealt with artefacts, the
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authors only state that the algorithm was unaffected by movement artefact but 50Hz
artefact was a problem. There were no processing steps included in the algorithm to reduce
the effects of artefacts on false detection and it is not clear if common artefacts such as
respiration or pulse, which can produce a signal correlated over multiple electrodes, were
included in their dataset. Their algorithm also required that the sensitivity be set on a
patient by patient basis in the initial part of recording such that the results are individually
optimised, rather than equivalent parameters. Similar to those described above, the authors
have highlighted the use of a valuable feature of seizures to discriminate their presence but
the algorithm is again limited to testing only one parameter.
Hassanpour (9) observed that seizures could be considered as an impulse train having a
duality between time and frequency and that time/frequency analysis may provide
important information for seizure analysis. Fig 50 illustrates how time frequency analysis of
a seizure appears markedly different to the background EEG. The authors also noted that
seizures have both a low frequency (slow wave) and high frequency (spike) component and
designed their algorithm to detect both components. The algorithm achieved a good
detection rate of 100% and a false detection rate of 7% but was only tested on only 5 * 10
minute EEG segments. Again, there were no processing steps included to reduce false
detections from artefacts.

Fig 50. Time frequency analysis of seizure and non seizure EEG. From Hassanpour (9).

Deburchgraeve et al. (116) developed an algorithm (NeoGuard) designed to mimic a human
observer. The authors postulated that seizures could be divided into essentially two types,
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namely an oscillatory rhythm or a series of spike trains with a relatively attenuated
background between the spikes, the first being continuous and the second discontinuous.
They developed a detection algorithm for each which ran simultaneously. The oscillation
detector relied on cross correlation of EEG epochs while the spike train detector relied on a
non-linear operator function detecting the energy of a signal. In the original paper the
algorithm was tested on 26 unedited EEGs of full term infants, 21 with seizures. It should be
noted that all infants had perinatal asphyxia and no other aetiologies were included, thus
their patient group does not test for possible seizure differences between aetiologies. The
sensitivity of the system was found to be 88% with a false detection rate of 0.66 FD/hr. A
subsequent adaptation was made to the algorithm to remove respiration, pulsatile and ECG
artefact by using ICA (see section 1.1.3.6) to decompose the original signal, then artefacts
were identified using simultaneously recorded ECG and respiration channels and the ‘clean’
signal reconstructed (41). On a small set of 13 EEGs the artefact preprocessing step reduced
the median false detection rate from 0.38 to 0 FD/h without a significant change in
detection rate. The adapted algorithm was further evaluated on a large novel dataset of
EEGs from 24 babies, again predominantly with birth asphyxia, by Cherian et al. (118).
Results showed seizures were detected with a total sensitivity of 61.9% (1285/2077). The
detected seizure burden was 66,244/97,574s (67.9%). Sensitivity per patient was lower than
previously at 65.9%, with a mean positive predictive value (PPV) of 73.7%. Four patients
with ‘dubious’ seizures were then excluded to give a median sensitivity per patient of 86.9%,
PPV of 89.5% and false positive rate of 0.28 /h. Dubious seizures included semi-rhythmic
oscillatory activity, periodic discharges and short runs of low amplitude seizure activity
without typical paroxysmal features. While the definition of what constitutes a seizure is
often unclear, seizures based on short duration should not be excluded if they exceed
commonly accepted standards of minimal seizure duration such as 10 seconds. While larger
‘clinically relevant’ seizures may be detected well, ignoring short seizures will lead to an
underestimation of total seizure burden and inaccurate judgement concerning termination
of all seizure activity as low amplitude short seizures tend to occur towards the end of a of
a cluster of seizures (personal observation). The authors also provided details of missed
seizures, causes of artefacts and how the state of the background affects seizure
morphology (further discussed in section 1.5.6). More recently this group have redesigned
their algorithm again retaining the heuristic elements of the oscillation and spike train
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detectors but replacing the previous preprocessing ICA layer with a postprocessing
pretrained SVM layer to reduce false detections (43). When tested on a large database
unedited EEGs from 71 babies, the heuristic detector without the SVM layer achieved a SDR
of 88% with a FD rate of 3.81 FD/h, while implementation of the SVM layer reduced the FD
rate by 34% (228).

Navakatikyan et al. (229) developed a novel method of seizure detection based on wave
sequence analysis where the EEG is broken down into waves, and wave features extracted
and averaged. The algorithm compared the amplitude and wavelength of consecutive waves
and also compared the wave morphology using a coefficient of linear correlation. In a large
test dataset of 55 patients, their algorithm detected 89% of seizures with a FD rate of
2FD/hr. This system relies on the similarity of consecutive waves in a seizure, although
rhythmic artefacts such as pulse and respiration also have high consecutive wave similarity.
No specific provisions were made in the algorithm to reduce the effects of artefacts on false
detections. As the authors state, the algorithm’s performance may benefit from future
parallel processing of signals such as the ECG. This system has the advantage of being a
multichannel system, although to date it has only been incorporated into a 2 channel aEEG
system, the Brainz monitor and has been named the ‘RecogniZe’ seizure detection
algorithm. This algorithm was recently tested in a clinical setting by Lawrence (147) as an
adjunct to aEEG in a randomised trial where 40 infants received aEEG + RecogniZe but
clinicians were blinded to the monitoring in half the patients. The seizure detection rate was
only 55% with a false detection rate of 0.09 FD/h. Interestingly, the seizure burden in the
unblinded monitored group was reduced by half.
In 2006 Aarabi et al. (36) introduced a novel algorithm which extracted multiple (30)
different features of the signal in groups based on frequency, autoregression, wavelets, time
domain features and others and also introduced an advanced neural network classifier
system. In a follow on study with an improved algorithm in 2007 (230), they achieved a
seizure detection rate of 79% with an average false detection rate of 1.66FD/hr on a group
of unedited EEG from 10 newborn babies. This version of the algorithm included an
automatic artefact detection pre-processing layer to remove eye movement, signal
saturation, ECG, electrode movement and EMG artefacts. Eye movement artefacts were
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removed where they showed high correlation with an eye movement template, a
predesigned template describing characteristic eye movements such as blinks. Signal
saturation epochs were removed where they had a zero value. To detect ECG artefact a QRS
complex was captured as a template and a cross correlation method used to detect QRS
complexes on the EEG. Epochs of EMG were removed whenever the normalised spectral
power between 40-64Hz exceeded a certain threshold.
Performance results of key algorithms up to 2013 are shown in table 2.

Algorithm
Liu et al 1992
Gotman et al 1997
Smit et al 2004
Navakatikyan et al 2006
Lawrence et al 2009
Deburchgraeve et al
2008
Cherian et al 2011
Mitra et al 2009
Temko et al 2011
Temko et al 2013

DB
Length
h (N)
1.0 (14)
237 (54)
10.4 (19)
24 (55)
2708 (40)
218 (26)
756 (24)
120 (76)
268 (17)
2540 (51)

S:NS
Dur
1:1

1:6.8

1:27.9
1:11.0
1:5.9

NS
Neonates
Yes
Yes
No
Yes
Yes
Yes
No
Yes
No
Yes

AUC

Sens
(%)
84
66
83

Spec
(%)
98
90
87

59
0.96
0.96

90

90

SDR
(%)

FA/h
(N/h)

66

2.3

90
55

2
0.09

85
66
80
89
71

0.66
0.58
0.78
1
0.25

Table 2. Results of key neonatal SDA algorithms up to 2013.

Mitra et al (231) developed a 3 stage system for neonatal seizure detection in which they
also used an advanced neural network classifier. Similar to Deburchgraeve (116) they
classified seizures as either sinusoidal or seizures containing repetitive spike or sharp wave
elements. They used frequency analysis similar to Gotman (223) to detect dominant
frequencies of sinusoidal seizures. For seizures containing spike elements they used wavelet
analysis, previously explored by Kitayama (232). Wavelet analysis produces a spectrogram
over time and is therefore useful in detecting the repetitive component of seizures. In
wavelet transformation the EEG is sequentially compared to a wavelet, a template wave-like
oscillation with an amplitude that begins at zero, increases then decreases back to zero (fig
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51a). The output of wavelet analysis is effectively a 3 dimensional graph with frequency on
the y axis, time on the x axis and power denoted by colour (fig 51b).

a)

b)

Fig 51. Wavelet transformation. a) A typical wavelet. b) Output of wavelet analysis of EEG seizure
(from Kitayama (232)).

The authors used a large unedited dataset of 28 seizure subjects and 48 non-seizure
subjects quoting a seizure detection rate of 78.9% with a false detection rate of 0.78FD/h.
Again, while frequency and time frequency analyses are both valuable methods of
identifying seizures, they are only 2 of a number of possible parameters available to explore.
In terms of artefact reduction, the authors found bifrontal delta (BFD) to be a serious source
of false detection in their data set. BFD are runs of rhythmic delta activity seen in the frontal
electrodes as a normal waveform of term neonates. The authors included a postprocessing
layer in their algorithm where candidate seizures were screened for BFD and removed if, in
the frontal electrodes there was >75% power in the delta range and the dominant
frequency was in the range 0.5-4Hz. Other artefacts such as EMG, ECG and respiration were
removed by cross correlation with separately recorded physiological channels.

1.6.5 Development of the ANSeR program by the Neonatal Brain Research Group
Early work on automated seizure detection by our research group (NBRG), leading up to the
current ANSeR algorithm, essentially began in 2005 with a reassessment by Faul et al. (233)
of three well documented algorithms of other groups at the time, namely the algorithm of
Gotman et al. (223) based primarily on frequency analysis, the algorithm of Liu et al.(226)
based on autocorrelation and the algorithm of Celka (8) based on analysis of complexity.
Despite optimisation, the authors were unable to replicate the results quoted in the original
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papers and found markedly lower scores with sensitivities of 62.5, 42.9 and 66.1% and
specificities of 64.0, 90.2 and 56.0% respectively. Regarding the Gotman algorithm, the
authors ascribe the poor performance as being due to reliance on a single parameter, i.e. a
dominant frequency during seizures, when in fact neonatal seizures often show
considerable frequency change if they evolve, and the use of rigid heuristic decision
thresholds, resulting in a trade-off between sensitivity and specificity. Similarly the authors
cite frequency variability in neonatal seizures for the poor performance of the
autocorrelation method used by Liu, which works well on seizures with little short term
variability but not the converse. The Celka algorithm had the highest sensitivity but also the
worst specificity, due to the fact that spikes and fluctuations in the background were not
filtered out and led to false detection. The authors concluded that none of these three
algorithms performed sufficiently well to meet clinical needs although each introduced
valuable methods of feature analysis that might be combined to a more complex multiple
feature based algorithm.

In 2008 Greene et al. (234) published results of a study designed to test the range of
features commonly used for automated seizure detection to determine the relative
performance of the features to discriminate between seizure and non-seizure EEG. 1 minute
segments of seizure and non-seizure EEG were taken from 17 term neonates with HIE and
seizures and 21 features from the frequency domain, time domain and entropy based
features (table 3) were tested on the data which was segmented into 2 s EEG epochs and a
linear discriminant classifier model was used for classification. Mean values for each feature
for seizure and non-seizure segments were compare to determine if they were statistically
different and the performance of each feature and combined features was assessed using
the area under the ROC curve where a value of 1 denotes perfect discrimination and a value
of 0.5 denotes a random discrimination. Many of these features were used in the final
ANSeR algorithm.
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Frequency domain features









Bandwidth
Peak frequency
Peak power
Spectral edge frequency
Total spectral power
Intensity weighted mean frequency
Intensity weighted bandwidth
Wavelet energy

Time domain features










Line length
Root mean squared amplitude
Zero crossings
Minima and maxima
Nonlinear energy
Activity (1st Hjorth parameter)
Mobility (2nd Hjorth parameter)
Complexity (3rd Hjorth parameter)
Autoregressive model fit

Entropy based features





Shannon entropy
Spectral entropy
Approximate entropy
Singular value decomposition entropy

Table 3. Features tested in the study of Greene et al. From Greene (234).

Several frequency based features were tested. The peak frequency and bandwidth of the
dominant spectral peak were calculated from a periodogram generated from a fast Fourier
transform and were techniques introduced by Gotman (223) and previously discussed in
section 1.6.4. Spectral edge frequency provides a measure of the dominant frequencies in a
signal and is calculated as the frequency below which 90% of the total spectral power
resides. The intensity weighted mean frequency (IWMF) is a weighted mean of the
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frequencies present in a power spectrum and with its associated bandwidth, gives a more
accurate measure of frequency and bandwidth and therefore greater distinction between
seizure and non-seizure EEG (233). Wavelet energy is discussed in section 1.6.4.
In the time domain, line (curve) length was proposed by Esteller et al. (235) as a method for
seizure detection based on the concept by Katz (236) that waveforms are complex shapes
and therefore have a fractal dimension which is quantifiable. For measures of amplitude,
peak to peak amplitude is not appropriate in a segment with multiple waveforms varying in
amplitude such as in an epoch of EEG. In this case the root mean squared (RMS) amplitude
can be used as a measure of amplitude and is calculated by squaring the values (making
them all positive) in an alternating epoch of EEG, then taking the average of these squared
values, then taking the square root of the mean. Both the number of local minima and
maxima and the number of zero crossings have been shown to change during seizures
(237), attributable to a reduction in high frequency components during seizures. Nonlinear
energy has been used by D’Allessandro (238) for seizure prediction and is a function of the
amplitude and change in amplitude of a signal but is also sensitive to spectral changes, thus
useful to detect seizures where change in amplitude and frequency commonly occur relative
to the background EEG. Hjorth parameters are a set of simple statistical descriptors of a
time signal previously used for seizure detection in adult patients (239). Hjorth activity is a
measure of the squared standard deviation of the amplitude, the variance, Hjorth mobility
can be viewed as a mean frequency and Hjorth complexity measures the complexity of a
signal by comparing it to the ‘simplest’ waveform, namely a sine wave (240). Autoregressive
(AR) modelling can be used to detect the repetitive nature of waveforms in successive
epochs of seizures (234). An AR model is fitted to one epoch of data and used to predict the
next epoch and an error value between the two models generated. If the waveforms in the
two epoch are similar, as is the case for two epochs of seizure data, the error will be small.
Conversely for two epoch of background EEG, where the waveforms are dissimilar, the error
will be larger.

Entropy is a measure of complexity and as EEG seizures are less complex waveforms than
the background EEG, entropy measures can be employed to detect seizures. The authors
tested several measures of entropy, discussed by Greene (234), including; spectral entropy,
singular value decomposition (SVD) entropy, Shannon entropy and approximate entropy.
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The authors found significant differences in the mean values for each feature between
seizure and non-seizure data in 19 of the 21 features analysed (bandwidth and peak
frequency were not significant). The performance of each feature and combined features to
discriminate seizure from non-seizure is shown in table 4. The combination of all features
achieved the highest ROC value at 0.89, followed by RMS amplitude, the number of local
maxima and minima, AR fit and line length. Bandwidth was the worst performing feature
with a ROC value of 0.51, close to a random discrimination.

While this study provides valuable evidence of the potential of various features to detect
neonatal seizures, the dataset was selected to not contain any of the common artefacts
incurred in the real-world clinical situation. This was a purposeful decision by the authors as
the inclusion of artefact would have made it difficult to determine the degree of
discrimination of each feature. However, given that many of the features are included to
detect changes in EEG amplitude /power and or the repetitive nature of seizure waveforms
and that artefacts such as movement artefact and respiration artefacts can exhibit changes
in both these characteristics, it would have been very useful to extend or perform a follow
up study of the ability of the feature tested to differentiate seizure from artefact and
determine whether any features were more robust to artefact than others.
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Table 4. Performance results of each feature and combined features to discriminate seizure and
non-seizure epochs. ACC accuracy is the percentage of overall 2 second epochs identified correctly,
SENS sensitivity is the percentage of seizure epochs identified correctly, SPEC specificity is the
percentage of non-seizure epoch identified correctly, ROC is the area under the receiver operator
curve of sensitivity plotted against specificity. From Greene (234).

Once values for individual features of EEG epochs have been generated, these feature
‘vectors’ must be fed into a classifier, the task of which is to determine the class label of a
sample, in this case seizure or non-seizure. Several papers from our group have examined
different classifier models. In the paper described above by Greene et al. (234) , a linear
discriminant (LD) classifier model was used. In a further study using the same features,
Greene et al. (241) compared the performance of three types of linear classifier: the LD
classifier, a quadratic discriminant (QD) classifier and a regularized discriminant (RD)
classifier. All these classifiers require training on a training dataset annotated with seizures
to provide a set of values for the various features of seizures. These are then compared with
values from the testing dataset in a covariance matrix. The advantage of this approach is
that the thresholds for decision making are data driven and not reliant on preset heuristic
thresholds which is considered a weakness of many previous algorithms. The LD classifier
finds the linear combination of features which maximise Fisher’s discriminant ratio (242)
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while the QD classifier uses a quadratic combination of features and a RD classifier employs
a regularization process to bias certain problematic values in the covariance matrix (those
with zero or infinitesimal eigenvalues) away from their sample means to more physically
plausible values (242). The same dataset was used for training and testing using the leave
one our cross validation method, whereby all but one patient is used to train the classifier
and the remainder is used for testing, and the process repeated for each patient and the
results averaged. The authors also examined 2 different structures of the classifiers whereby
the feature vector data was either combined before entry to the classifier (early
implementation) or fed to the classifier as separate feature vectors (late implementation).
The authors found that the classifier with early integration to be optimal with an ROC value
of 0.82. The authors comment that early integration allows the statistical inter-relationships
between synchronously recorded channels to be considered by the classifier, which is lost in
late integration as each channel is treated as independent.
In 2009, Temko et al. (17) proposed the current basic structure of the ANSeR algorithm
(alpha version) using a support vector machine (SVM) as the classifier with a further
publication in 2011 (7). SVMs were originally designed to solve binary problems and are
therefore well suited to automated seizure detection (17). Using the SVM and postprocessing steps introduced by Temko et al. (17) an improvement in the algorithms
performance, as determined by the area under the ROC curve, was reported from 0.82 as
reported by Greene et al. (234) to 0.96.
The basis of a SVM (figure 52) is to find a hyperplane in feature space that defines a decision
surface by optimally separating two classes (243). In the diagram, squares and circles denote
2 data groups which are spatially separable and represent feature values (vectors), for
example these may be amplitudes for seizure and non-seizure data in the training set. The
decision hyperplane H0 may have a number of slopes that separate the two groups but the
optimal slope is defined by the maximal distance between the data points of the two groups
(the margin). The maximal distance is determined by using the nearest data points of each
group to the other group to construct two further parallel hyperplanes H 1 and H-1 (the
support vectors) where H0 lies at the midpoint. For a non-linearly separable classification
problem, the data is mapped onto higher dimensional feature space where linear separation
becomes possible (7). For a detailed explanation of SVM function see Appendix in Temko et
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al. (7). The advantages of a data driven neural network SVM classifier are firstly that the
classifier will only utilise the training patterns near the decision surface, assuming they are
the most useful, and secondly that transforming data into a high-dimensional space may
convert complex classification problems into simpler problems (7).

Fig 52. Classification in a support vector machine. A decision hyperplane H0 between 2 groups of
data is derived from the maximal distance between 2 parallel hyperplanes (support vectors)
dependent on the nearest 2 points (marked with X) of each group to each other. From Temko (7).

A simple outline of the data flow through the ANSeR algorithm is shown in figure 53. A more
detailed analysis is provided in Appendix. The algorithm is preset to analyse the data from 9
electrodes, F4, F3, T4, T3, C4, C3, CZ, O1 and O2 and reconfigures a bipolar montage from
the referential data. This is a reduced montage compared to the full set of up to 32 EEG
recording channels available on modern EEG machines. This montage was chosen to balance
the need for sufficient coverage of the head to detect the majority of seizures against the
need to minimise handling in sick neonates, who are often unstable, and also the technical
challenge of clinical staff applying electrodes out of hours. While a full set of electrodes may
localise the onset of seizures more accurately, the goal here is seizure detection, not seizure
onset localisation. A study by Tekgul (244) compared seizure detection between a full 10:20
montage and a reduced 9 electrode montage similar to our own (they used FP1 and FP2
instead of F3 and F4). Of 187 seizures detected in 31 ictal EEGs using the full montage, 166
(87.7%) were detected in 30 records using the reduced montage.
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The EEG for each channel is initially pre-processed including filtering, resampling
(downsampled to 32 Hz), artefact removal (high frequencies removed) and segmentation
into epochs (8 s). 55 EEG features are then extracted and the features fed into the SVM. The
SVM outputs a probability of seizure for each epoch which is then smoothed during postprocessing by a moving average filter (MAF) into binary decisions, initially for each channel,
then for all channels. Finally a decision collar is applied extending the onset/offset
boundaries of detections in line with observed seizure durations. The decision collar was
introduced to compensate for possible difficulties in detecting early and late seizure parts
(17).

Fig 53. Outline of data flow through ANSeR.

The features used are listed in table 5 and share many of those previously tested by Greene
(234), discussed above. In the frequency domain bandwidth, intensity weighted mean
frequency and intensity weighted bandwidth were excluded, with inclusion of power and
normalised power in 2Hz bands with an overlap of 1Hz within a total bandwidth of 0-12Hz.
The use of power in 2Hz sub-bands has been shown to be useful for seizure detection in
studies in adults (245), and differences are expected in the lower frequency bands. Neonatal
seizures have been reported by Kitayama et al. (246) to have a frequency range of 0.5-13Hz
with the dominant frequency between 0.5-6Hz. The normalised power in the 2Hz sub-bands
is calculated by dividing the power in the sub-band by the total power and gives an estimate
of the distribution of the power within the frequency spectrum (247). In the time domain,
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skewness and kurtosis were included. Skewness quantifies the asymmetry in the data while
kurtosis is useful for quantifying the shape of the distribution (247). For entropy based
features, approximate entropy was excluded and Fisher information included. Fisher
information was introduced by James and Lowe (248) as an alternative for EEG analysis to
SVD entropy which is heavily influenced by the power of the EEG.
While 55 features are stated as included, many of these are subdivisions of specific feature
types, for example band power and normalised band power are divided into 11 2Hz subbands each (see appendix), 20 feature types were included. It was an active decision to
include as many features as possible. Regarding the function of the SVM, Temko (7)
suggests that redundant features have little effect on the decision process and optimal
results are achieved with inclusion of a few redundant features rather than leaving
important ones out.
Frequency domain features







Total spectral power
Peak frequency
Spectral edge frequency (80%, 90%, 95%)
Power in 2Hz width sub-bands (0-2Hz, 1-3Hz….., 10-12Hz)
Normalised power in sub-bands
Wavelet energy

Time domain features











Curve (line) length
Number of maxima and minima
Root mean squared amplitude
Hjorth parameters
Zero crossings (raw epoch, Δ, ΔΔ)
Autoregressive error modeliing
Skewness
Kurtosis
Nonlinear energy
Variance (Δ, ΔΔ)

Information theory





Shannon entropy
Singular value decomposition entropy
Fisher information
Spectral entropy

Table 5. Features extracted from EEG
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As the algorithm is currently being developed prior to licensing, an EEG ‘reader’
incorporating the algorithm has been developed by the NBRG and is displayed in figure 54. A
further advantage of this system is that the seizure decision making threshold can be
adjusted to be more or less sensitive. This feature may prove to be useful in recordings with
frequent or persistent artefact to reduce false alarms. Of course there will always be a
trade-off between number of seizures detected and false detection rates.

Seizure probability
output
aEEG F4-C4

aEEG F3-C3

cEEG

Fig 54. EEG reader incorporating ANSeR algorithm. The EEG reader displays the continuous EEG
(cEEG), the amplitude integrated EEG (aEEG) and a graph showing the probability of seizure with an
adjustable threshold above which a seizure is classified (red) if breeched by the probability trace.
The time, channel and duration of seizure are exportable as a text file.

The alpha version of ANSeR was tested on an unedited dataset of 267 hours (mean duration
15.76 h) of EEG from 17 term newborn babies with HIE and seizures recorded at Cork
University Maternity Hospital (7). No non-seizure babies were included in the study. A ‘leave
one out’ cross validation method was used. Detections from the SDA were compared
against those of an expert neurophysiologist who was considered the ‘gold standard’ for
seizure detection. A performance curve of detections vs false detection rate is shown in

133

figure 55. A comparison of these results against other ‘best performing algorithms (Table 6)
indicated that ANSeR performed better than most other algorithms with the exception of
the Deburchgraeve algorithm, which showed a slightly lower false detection rate for a
comparable seizure detection rate.

Fig 55. Performance curve of the SDA showing good detection rate (proportion) vs false detection
rate (7).

Method
Temko et al.
Deburchgraeve et al.
Aarabi et al.
Navakatikyan et al.
Gotman et al.
Liu et al.

Event
detection
rate
89
88
ND
90
71
ND

False
alarms/hr
1
0.66
1.6
2
2
ND

Sensitivity Specificity
(%)
(%)
90
90
ND
ND
74
85.6
82.8
87
ND
ND
65.9
89.8

Table 6. Comparison of ANSeR (Temko) vs other ‘best performing’ algorithms. ND no data

available.
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As a result of findings in study 2 of this thesis which determined the primary causes of false
detection such as respiration, sweat and pulse artefact and the observation that these
artefacts tend to persist over prolonged durations whereas seizure tend to be short discrete
events, an adaptation was made to ANSeR (beta version) to reduce the false detections
caused by these artefacts. The adaptation involved comparing a given point in the SDA
probability output to the local preceding probability rather than zero as previously, so called
‘adaptive background modelling’.
The beta version of ANSeR was retested by Temko (11) initially using the LOO cross
validation technique on a set of 38 patients (18 seizure, 20 non-seizure) of 1479 hours of
EEG in total. It was then tested further in this study on a previously unseen ‘validation set’ of
51 neonates (24 seizure, 27 non-seizure) comprising 2540 hours of EEG using a single test
rather than LOO cross validation. Performance curves for these 2 datasets with and without
the adaptation are shown in figure 56. Improved performance was seen in both the LOO and
validation sets with the adaption. For example the ROC area for the validation set improved
from 93.4% (without adaptation) to 96.1% (with adaptation) and a reduction in false alarm
rate was seen from 0.42 FD/h to 0.24 FD/h at 70% detection of seizure burden.

Fig 56. Performance curves of the SDA on the LOO dataset and validation dataset with and without
adaptation. (11)

More recently, the performance of ANSeR has been validated on a large, unedited, unseen
dataset of EEGs from 70 babies recorded at two institution (UCLH, London and CUMH,
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Cork). This study is presented in chapter 2 of this thesis (18) (see Supporting Digital
Documentation CD at the back of this thesis for full paper).
The next phase of testing of the SDA is to test its clinical utility in live randomised multicentre evaluation (the ANSeR study – Algorithm for Neonatal Seizure Recognition
http://clinicaltrials.gov/show/NCT02431780) in which babies at risk of seizure will be

randomised to either an experimental wing (EEG+ANSeR) or a control wing (EEG only) and
seizure detection (at the time of seizure, i.e. live detection) by clinical staff between the 2
groups compared.

1.6.6 ‘In depth’ analysis of SDAs
This type of analysis is often only discussed anecdotally or partially in previous performance
assessment papers. Some authors such as Navikatikyan et al (229) and Deburchgraeve et al
(116) only give anecdotal examples of missed seizures for their algorithms often described
as short, arrhythmic, low amplitude or focal, Others have only looked at the effect of a
single parameter, seizure duration, on detection rate. Altenburg (10) found that their
algorithm only detected seizures that were over 100 seconds in length. Temko (7) similarly
found that the poorest detection performance occurred when seizures were shortest (< 1
min). Mitra (231) gave more quantification describing missed seizures as either; slow
(>0.4Hz) pseudosinoidal discharges (30%), high frequency (>6Hz) with a depressed
background (2%), arrhythmic spikes with a depressed background (15%) or short duration
seizures (<20 secs) in patients with longer seizures (53%).
Cherian (118) in their validation of a seizure detection algorithm developed by
Deburchgraeve (116) compared the performance of their algorithm in relation to the degree
of background abnormality, which had not been previously performed. They grouped their
patients as either mild to moderate or severe with 8 subgrades. They also analysed some of
the features of seizures including the morphology of the waveform (oscillatory, sharp wave
or mixed), frequency, amplitude, duration and % of seizures with arrhythmia. While this
scoring system assesses some features of seizures, it does necessarily explore how seizures
evolve in morphology and frequency neither does it give a measure of the propagation of
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seizures. The authors do not describe at which point in the seizure that measures such as
amplitude and frequency were taken.
The results of their analysis are shown in table 7. They found a significant negative
correlation between seizure amplitude and severity of background EEG (lower amplitude
seizures with more severely depressed background) and non-significant trends for increased
expression of arrhythmic seizures, increase in seizure burden, seizure firing frequency and
decrease in seizure duration with increasing severity of background abnormality. The
authors highlighted four patients in the severe group (group II) in whom there were a high
proportion of ‘dubious’ seizures such as that shown in figure 57, showing low amplitude
arrhythmic fast frequency paroxysms in whom they found very poor seizure detection rates
(sens <7%). These patients were later excluded from the final analysis. The validity of
excluding these patients is questionable. EEG phenomena such as these fulfil some of the
criteria for seizures (some rhythmicity, paroxysmal) and not others (no evolution in
frequency of amplitude, some arrhythmia). It is also likely that some neurophysiologists
would consider them seizures while others might not and the question of their relevance
remains open. Certainly excluding them improves the perceived performance of the
algorithm. After exclusion the authors found only a non-significant trend towards increased
sensitivity of the algorithm for seizures with a mild to moderate background EEG.
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Table 7. Results of seizure analysis in mild/moderate and severe patient groups. H, hours; Sz,
seizure; Arrhyth sz %, percentage of seizures that were arrhythmic; Sz burden, cumulative duration
of seizures. Performance of the algorithm: SensT_PP, average of sensitivities in each patient; PPV,
positive predictive value; Det. Sz burden, cumulative duration of seizures detected; Fp/h, false
positives per hour. * For the final analysis, 4 patients in gpII with persistent severe abnormality of
EEG background and having predominantly dubious seizures were excluded. Values reported are
medians (range). Mann–Whitney test. From Cherian (118).
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Fig 57. Example of a ‘dubious’ seizure. The seizure involves low amplitude fast activity with some
arrhythmia and a lack of evolution in frequency and amplitude (from Cherian (118)).

Overall, the authors of this paper might have provided more information pertinent to the
performance of their algorithm had they compared the seizure characteristic of detected
and non detected seizure groups rather than groups based on background severity.
Consequently missed seizures are only described on a case by case basis as low amplitude
and/or short and/or arrhythmic.
In terms of sources of false detection, again some authors only give anecdotal examples or
descriptions of sources of false detections. Aarabi (36) cited EMG, patient and electrode
movement and signal saturations and Deburchgraeve (116) cited bed heater electrical
artefact, ventilator/respiration artefact or background rhythmicity as common sources of
false detection. Similarly in the follow up validation study of the Deburchgraeve algorithm
by Cherian (118) false detections are only described as either biological (pulse, respiration,
eye movement) or non-biological (electrode, ventilator or bed warmer) but with no formal
quantification.
Others gave some quantification of false detections; Mitra (231) divided false detections
into four groups; ‘rhythmic background’, ‘single channel’, ‘noisy data’ and ‘artefacts’. Temko
(7) similarly divided false detection into 3 groups; ‘artefact free background activity (50%),
‘artefacts’ (45%) and ‘seizure-like’ activity (5%) describing the most common forms of
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artefact causing false detection as ‘electrode disconnect’ (a slow semi-rhythmic high
amplitude signal), ‘respiration artefact’ and ‘patient movement/handling artefact’. These
authors however did not provide a quantitative breakdown of the relative contributions of
specific artefacts to false detection rates. Some breakdown was given by Navakatikyan (229)
stating that 39% of false detections were attributable to respiration or ECG/pulse artefact
with rhythmic background theta activity causing a further 14% of false detections and
‘electrodes off’ artefact causing a further 15%.
In order for developers to improve their algorithm in a targeted and dynamic manner, they
need to know the characteristics of both missed seizures and a quantification of the sources
of false detection in order of prevalence. Consequently the aim of study 2 in this thesis was
to introduce a more comprehensive methodology of SDA performance analysis taking an
electrophysiological approach by comprehensively scoring multiple features of each seizure
and examining differences in these features between detected and non-detected seizure
groups and also fully characterizing and quantifying all false detections and types of artefact
when present.
Additionally it is useful for both engineers and users to know how the algorithm performs
under different conditions such as after anticonvulsant medication. These issues have not
been addressed in previous performance analysis papers and users therefore run the risk of
assuming the algorithm’s performance will not vary. Particularly as the sensitivity of the
ANSeR algorithm can be adjusted by the user, knowledge of how the ANSeR will perform
under varying condition will guide users to tune the algorithm on a patient by patient basis
more effectively. These issues are addressed in study 3 of this thesis with respect to the
potential effects of phenobarbitone on seizures and ANSeR performance.
While the general aim of a seizure detection algorithm is to improve overall seizure
detection rates and an improved quantification of seizure burden, in the light of the
accumulating evidence of potential additional damage imposed by seizures (discussed in
section 1.5.9), clinicians and users want to know that an algorithm is effectively detecting
the onset of seizures, ideally leading to improved drug treatment times. Again, data
regarding first or early seizure detection or potential improvements in drug treatment times
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have not been addressed in any of the previous performance analysis papers. These issues
are examined in study 4.

1.6.7 End user training
As previously stated ANSeR is intended for use as a clinical support tool and its main
function is to make detections based on the probability of seizure and alert clinicians to the
presence of potential seizures. In this role it should act as a ‘heads up’ to clinicians but
detections should not be viewed as a definitive decision regarding the presence of seizures.
Consequently, subsequent to a detection being made and staff alerted, it is still up to the
attending clinician to make a decision whether the detection is a true seizure or a false
positive.
If the detection is a real seizure and the clinician decides it is a false positive the baby will go
untreated and further seizures are likely to occur with the associated potential deleterious
effects of seizures. Conversely if a false detection is treated as a true seizure then the baby
may be administered unnecessary drugs which can also potentially harm the health of the
baby.
The onus to make correct decisions, in the absence of neurophysiologist, lies with the
attending clinician. Neonatal seizure present with a variety of morphologies (discussed in
section 1.5.6), some are subtle and do not always fulfil all of the criteria typically seen in
seizures making decisions difficult. For example, seizures may not evolve in amplitude,
spread or frequency or may not involve more than one EEG channel or may lack a spike or
sharp wave element and consist of only a rhythm (fig 34a) making them hard to
differentiate from rhythmic artefacts such as respiration or pulsatile artefacts (fig 18 a,c).
Indeed, as will be shown in study 1 of this thesis, many false detections are not due to any
specific artefact and may arise when the EEG activity itself becomes highly rhythmic, such as
during slow wave (intermediate) sleep.
Artefacts themselves come in many guises and morphologies and while it is useful for users
to be able to identify all artefacts on the EEG, some of these artefacts such as muscle or
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50Hz artefact do not mimic the features of seizures and are unlikely to cause false
detections while others such as pulse and respiration do.
In this context it would be of use to design a training resource illustrating the range of
seizures and their features that clinicians are likely to encounter in the neonatal population
and the specific sources of relevant artefacts or otherwise, likely to cause false detections.
Furthermore when encephalographers look at a potential seizure, they tend to go through a
series of initial steps to rule out the possibility of it being an artefact before determining the
waveform as a seizure. For example, they may ask themselves: Does the EEG waveform
correlate with the frequencies seen on the ECG or respiration trace? Is there a bad
connection at the electrode/head interface, identifiable as an erratic trace with overlying
50Hz mains artefact? Is there anything happening to the baby on the video that could cause
a rhythmic artefact such as patting the baby or giving inflation breaths or the baby chewing,
sobbing or hiccupping? Subsequent to ruling out any obvious artefacts the
encephalographer may then ask, what features of seizures does the waveform have? Does it
evolve or change frequency? Is it paroxysmal? Are there spike or sharp wave discharges at
any point? Does it last more than 10 seconds? Are there accompanying clinical signs such as
overt jerking or more subtle changes in saturation, heart rate or blood pressure? As
discussed seizures do not always fulfil typical criteria but there is usually some feature of the
waveform being examined that will tip the decision making one way or another. To
complement the examples of seizures and artefact in an educational package, it should be
possible to design a decision tree which the user can use as a guide when making decisions
on detections made by ANSeR.
There are numerous textbooks and atlases on neonatal neurophysiology and most, but not
all, incorporate some information on biological and non-biological sources of artefact. While
it is useful for EEG interpreters to be aware of various artefacts potentially contaminating
the EEG record, these are general resources and not targeted specifically to artefacts likely
to cause false detections on a seizure detection program.
Typically research groups devise their own bespoke training resources for collaborators. For
example The Toby trial, a trial to test hypothermia for neuroprotection in neonates with HIE,
produced a set of web based guides, tutorials and examples
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(https://www.npeu.ox.ac.uk/toby/protocol) for collaborators on the setup, use and
interpretation of CFM, as an abnormal CFM trace was one of the qualifying criteria to
instigate hypothermia. There was also a CFM quiz at the end requiring participants to score
the CFM and for the presence of seizures and artefact.
Similarly the NEMO trial, a randomised control trial to test the drug Bumetanide as an
anticonvulsant for neonatal seizures, produced a web based resource (http://www.nemoeurope.com/en/educational-tools-for-clinicians-and-health-care-professionals.php) including

videos for various methodologies for the setup of EEG for new born babies. These included
troubleshooting videos to correct or avoid certain artefacts caused by loose or bad
electrodes and 50Hz interference. The resource did not include training on the
interpretation of EEG as this was performed remotely by neurophysiologists.
It is likely that the EEG interpretation skills of users of ANSeR will be variable as users may
include various grades of doctors and nurse as well as more highly trained
electrophysiologists and therefore similar training packages will be required before use.
The benefits of such training are exemplified by the results of a recent pilot study (147)
testing the clinical utility of a seizure detection algorithm (RecogniZe) in combination with
aEEG/2 channel EEG which showed that after training neonatologists were proficient in
differentiating seizures from false detections and only 1 false detection in 232 recorded led
to incorrect administration of an AED. Details of the training provided or the resources used
are not given in the paper.
Creation of a suitable educational package for ANSeR and the testing of its utility will be the
subject of study 5 of this thesis.
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Chapter 2. Study 1. Validation of an automated seizure detection
algorithm for term neonates
2.1 Introduction
Previous analysis of ANSeR performance (discussed in section 1.6.5) has been published
(7;11;17) using limited datasets from one institution and where the dataset has been used
both for training and testing the algorithm. To provide a realistic measure of the anticipated
performance of ANSeR in a real-life clinical environment, it is necessary to validate the
performance of ANSeR on a large, unedited, previously unseen dataset, preferably from
more than one institution to incorporate possible differences in recording quality and
differences in patient groups between institutions.
2.2 Objective
The objective of this study was to validate the performance of ANSeR on a larger dataset of
prolonged, unedited, unseen, multi-channel EEGs from 2 institutions (UCLH and CUMH)
using a comprehensive set of performance metrics.
2.3 Contribution of the author and collaborators to the study
As this study was collaborative with significant input from others in our group, the author
would like to clarify his role and that of collaborators. Sean Mathieson (SM) recruited and
recorded patients at UCLH while those from CUMH were recorded by Evonne Low and
others. In order to provide a ‘gold standard’ for seizure detection with which to compare the
performance of ANSeR, SM annotated the seizures on all EEGs (total 4060 hours) from the
70 neonates recruited from both sites (UCLH, CUMH). Comparison of the seizure
annotations of SM with ANSeR annotations was performed by Nathan Stevenson (NS) at
University College Cork including both conventional measures of agreement and application
specific measures of SDA usefulness. All relevant results, tables and figures resulting from
this analysis supplied by NS to SM are indicated in the text. SM was responsible for writing
the main body of the text and organising the results for the scientific paper submitted to
Clinical Neurophysiology (18), as well as analysis of missed seizures and false detections.
There was significant input to the writing of the methods and results sections of the paper
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from NS, and general contributions from Evonne Low, William Marnane, Janet Rennie,
Andrey Temko, Gordon Lightbody and Geraldine Boylan.

2.4. Methods
Data acquisition and EEG annotation
Neonates were enrolled from the neonatal intensive care units of 2 institutions (UCLH and
CUMH) between January 2009 and October 2011 as part of an ongoing study of neonatal
seizures. Term neonates ≥ 37 weeks GA were enrolled if they met two or more of the
following criteria: Apgar scores less than 6 at five minutes after birth; a continued need for
resuscitation after birth; any clinical evidence of encephalopathy or seizures within 72 h
after birth.
Ethical approval
Ethical approval for the study was given by the Clinical Research Ethics Committees of the
Cork Teaching Hospital, Ireland, and the National Health Service in the UK via the Integrated
Research Application System. Written, informed consent was provided by at least one
parent of each neonate recruited into the study.
EEG recording
EEG was recorded using a NicoletOne EEG monitor (Carefusion, Wisconsin, USA) with
electrode placement using the 10:20 electrode placement system adapted for neonates.
Electrodes were placed at positions F4, F3, T4, T3, C4, C3, CZ, O1 and O2 with additional
electrodes placed at P3 and P4 where possible. A respiration trace was recorded from a
sensor placed on the abdomen and ECG was recorded from electrodes placed on the
shoulders and traces stored synchronously with the EEG. A sampling rate of either 256 or
250Hz was used at the two institutions with a filter bandwidth of 0.5-70Hz and a bipolar
montage used for display. The EEG was commenced as soon as possible after birth and for a
period determined by clinical requirement.
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EEG analysis
All electrographic-only seizures were identified by SM by page-by-page review of the EEG
and annotation of the start and end of the seizure were annotated in the original EEG file to
derive onset, offset and duration times of the seizures. The seizure annotations of SM were
used for comparison with the ANSeR detection annotations. In order to verify the validity of
the seizure annotations by SM, a sample of 15/35 (42.85%) of the neonates with seizures
was taken at random and also annotated by Geraldine Boylan (GB) and a comparison made
of the annotations of SM and GB using Cohen’s Kappa index.
For the purpose of annotation, an electrographic seizures was defined as a sudden, evolving,
repetitive, stereotyped waveform with a definite start, middle and end with a minimum
duration of 10 s on at least one EEG channel (58). Each EEG recording was then processed
using an offline beta version of ANSeR (see figure 54). Full details of the processing steps of
ANSeR are provided in section 1.6.5. The algorithm classifies a detection when the
probability graph breeches a threshold which is adjustable from 0.1 (most sensitive) to 0.9
(least sensitive) in increments of 0.1. ANSeR annotations for each threshold were exported
as text files for comparison with the seizure annotations of SM.

Assessment of ANSeR performance
To fully assess ANSeR performance, both conventional measure of agreement between
ANSeR annotations and the gold standard annotations of SM and application specific
measures of ANSeR usefulness were made.
For conventional measures of agreement, the annotations of both SM and ANSeR were
converted into a time series, sampled at 1Hz, using Matlab (Ma, USA). The binary time series
was generated by designating the presence of seizure as ‘1’ and the absence of seizures as
‘0’. As discussed in section 1.6.3, epoching the annotations in this way allows for time based
assessment of the amount of correctly identified seizure EEG (specificity) and correctly
identified non-seizure (specificity) EEG detected by ANSeR. This time based metric
corresponds to an ‘overlap integral’ assessment method (249). The trade-off between
sensitivity and specificity was assessed by constructing ROC curves and calculating the AUC.
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Event based metrics were also calculated using an ‘any overlap’ method of assessment to
derive seizure detection rates and with concomitant average hourly false detection rates.
Here specificity is replaced with an hourly false detection rate due to a poorly defined ‘no
seizure’ event (249). The principals of time and event based metrics are illustrated in figure
58.

Fig 58. Time and event based metrics of agreement between seizure annotations of ANSeR vs the
human expert (SM). S =seizure, NS=non-seizure. Light and shade in time bar denotes epochs of
temporal agreement or disagreement: true positives (TP), true negatives (TN), false positives (FP)
and false negatives (FN). Sensitivity for temporal assessment = 75.0% and specificity = 75.0%. Circle
and cross markers denote event based agreement. Sensitivity for event based assessment =66.7%
with a false detection rate of 1/h. Figure supplied by N. Stevenson.

Agreement between the annotations of ANSeR and the expert rater (SM) was performed on
a case-by-case and measures of agreement were summarised across neonates using the
median and interquartile range. Cohen’s Kappa Index was used to assess agreement.
Measures of performance on the current validation set were also compared to those of the
previous ‘leave one out’ study by Temko (11).
In the event based analysis, the effect of seizure duration on the accuracy of seizure
detection was also analysed.
To further determine the potential usefulness of ANSeR, several application specific
measures were also quantified. Firstly the intra-class correlation coefficient was used to
compare the agreement between ANSeR and SM for several clinically useful interpretations
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of the annotation, including summary statistics of seizure burden, seizure number, mean
seizure duration, seizure onset and seizure period.
Next the potential of ANSeR to support the identification of seizure and non-seizure babies
over the range of ANSeR thresholds was examined by comparing ANSeR identification of
seizure babies (any seizure detected in babies with seizures) and non-seizure babies (no
false detections in babies without seizures) with clinical performance.
Finally the potential of ANSeR to support clinical decisions regarding AED administration was
examined over the range of ANSeR thresholds. Due to the fact that the majority of neonatal
seizures are electrographic-only and the current clinical practice of periodic review of the
EEG, seizures may not be detected immediately leading to a delay in AED administration.
Furthermore, in some cases, AEDs may be administered based on clinical assessment only,
potentially erroneously. To determine whether AEDs were given in a timely or appropriate
manner we examined whether seizures were present on the EEG in the 90 minutes prior to
AED administration (concurrent with AED), or absent in this 90 minute period (nonconcurrent with AED). The 90 minute time period was deemed a sufficient response time of
treatment after the identification of seizures, but is in some sense an arbitrary value. This
was then compared to the output of ANSeR to confirm whether AEDs had current or nonconcurrent ANSeR detected seizures.

2.5 Results
107 neonates recorded between January 2009 and June 2011 met the inclusion criteria (71
from CUMH and 26 from UCLH). 35 neonates had seizures, so a cohort of 70 neonates was
formed by including the 35 seizure neonates plus 35 non-seizure neonates that were
randomly selected from the remaining 72 non-seizure neonates. The demographics for this
cohort are given in table 8.
2061 seizures were detected and annotated by SM in the 35 seizure neonates from a total
of 4060 h of multi-channel EEG. A summary of seizure characteristics for the 35 seizure
neonates is shown in table 9.
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Gestational Age (weeks+days)†
Birthweight (g)†
Gender (male:female)
Age at EEG onset (h)†
EEG recording duration (h)†
Primary Diagnoses
HIEa
Birth depressionb
Strokec
Focal Lesiond
Othere

40+3 (39+2 to 41+2)
3526 (3140 to 3920)
37:33
7.0 (3.6 to19.0)
51.6 (21.5 to 84.4)
Neonates (N)
37 (mild 10, moderate 19, severe 8)
10
8
3
12

† median (interquartile range)
a

22 treated with therapeutic hypothermia (TH)
Birth depression without ensuing encephalopathy
c
Stroke - arterial ischemic, haemorrhagic, multiple infarctions
d
Focal Lesion - subdural haemorrhage, intraparenchymal bleed
e
Other – meningitis/HIE (TH), viral encephalitis, sepsis, benign familial neonatal seizures, benign sleep
myoclonus, unknown diagnosis
b

Table 8. Demographics and recording information of the 70 neonates included in the study. Data
supplied by N. Stevenson.

Seizure Onset (h)
Seizure Period (h)
Seizure Burden (mins)
Seizure Number (N)
Mean Seizure Duration (s)
Median Seizure Duration (s)

Median
19.0
18.6
79.8
22
163
115

IQR
(11.5-35.8)
(8.6-35.4)
(25.3-204.6)
(7-75)
(95-298)
(69-186)

min
6.6
0.03
1.9
1
28
25

max
153.8
120.2
1404
295
2207
2207

Table 9. Summary of seizure characteristics in the 35 neonates with seizures. Seizure onset (h) refers
to post natal age in hours. Data supplied by N. Stevenson.

Conventional measures of agreement
The comparison between the seizure annotations of SM and GB using Cohen’s Kappa Index
produced a mean score of 0.851, which is considered near-perfect. The Kappa scores of the
level of agreement between the annotations of SM and ANSeR (time based analysis) for the
9 ANSeR thresholds are shown in table 10. The maximal level of agreement was at threshold
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0.4 with a median Kappa score of 0.630, which is considered moderate. Time and event
based performance metrics for the range of ANSeR thresholds are shown in table 11.

ANSeR Threshold
Kappaa
0.1
0.098 (0.044 to 0.204)
0.2
0.309 (0.155 to 0.509)
0.3
0.524 (0.217 to 0.677)
0.4
0.630 (0.283 to 0.739)
0.5
0.579 (0.332 to 0.724)
0.6
0.552 (0.340 to 0.700)
0.7
0.405 (0.255 to 0.621)
0.8
0.280 (0.135 to 0.406)
0.9
0.060 (0 to 0.207)
a
estimated on neonates with seizure (N=35)

Prevalence Indexa
0.688 (0.588 to 0.780)
0.893 (0.785 to 0.949)
0.936 (0.862 to 0.977)
0.956 (0.885 to 0.984)
0.954 (0.896 to 0.983)
0.952 (0.864 to 0.981)
0.959 (0.879 to 0.983)
0.957 (0.889 to 0.989)
0.941 (0 to 0.981)

Bias Indexa
0.222 (0.157 to 0.364)
0.050 (0.027 to 0.098)
0.011 (0.003 to 0.031)
0.006 (0.003 to 0.019)
0.007 (0.002 to 0.019)
0.006 (0.003 to 0.019)
0.001 (0.003 to 0.027)
0.011 (0.004 to 0.038)
0.007 (0 to 0.042)

Table 10. The level of agreement (Cohen’s Kappa index) between seizure annotations of SM and
ANSeR (time based metrics). Data are expressed as median (IQR). Data supplied by N. Stevenson.

ANSeR
Threshold
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

Sensitivitya

Specificityb

96.2 (92.6 to 98.4)
88.1 (80.5 to 92.3)
76.1 (68.5 to 83.9)
68.6 (56.3 to 80.2)
58.6 (41.2 to 70.4)
44.2 (31.4 to 70.0)
32.1 (15.0 to 51.0)
16.4 (7.4 to 30.9)
3.4 (0 to 12.1)

77.7 (63.0 to 86.6)
94.5 (91.1 to 97.9)
98.5 (97.0 to 99.5)
99.5 (98.6 to 99.9)
99.8 (99.3 to 100.0)
99.9 (99.7 to 100.0)
100.0 (99.9.0 to 100.0)
100.0 (100.0 to 100.0)
100.0 (100.0 to 100.0)

a

estimated on neonates with seizure (N=35)

b

estimated on all neonates (N=70)

Seizure Detection
Ratea
97.1 (92.2 to 100.0)
85.7 (77.1 to 97.6)
75.0 (59.5 to 91.7)
64.0 (41.6 to 85.3)
52.6 (28.3 to 73.4)
50.0 (23.1 to 60.1)
34.2 (13.4 to 50.0)
23.7 (7.2 to 38.9)
5.1 (0 to 16.2)

False Alarm Rateb
4.35 (3.28-5.70)
1.20 (0.63 to 2.01)
0.36 (0.16 to 0.74)
0.12 (0.04 to 0.29)
0.04 (0 to 0.18)
0 (0 to 0.06)
0 (0 to 0.01)
0 (0 to 0)
0 (0 to 0)

Table 11. Time and event based metrics of ANSeR performance. Data are expressed as median (IQR).
Data supplied by N. Stevenson.
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The results for time based metrics are also shown in figure 59. Figure 59a compares the
performance of ANSeR for the current validation study compared to the previous LOO study
by Temko et al. (11). The median AUC for the validation study, which was estimated on
neonates with seizures, was 0.945 (IQR: 0.921-0.971, min 0.684 max 0.999). The mean AUC
was 0.933. The performance curves for the two datasets are comparable with slightly better
results in the validation set. Figure 59b shows the specificity for neonates with seizures
(N=35) compared to neonates without seizures (N=35). Again the performance curves are
similar but with a slightly higher specificity for non-seizure neonates at lower thresholds.

A
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B
Fig. 59. Time based measures of ANSeR performance. The interquartile range is denoted by the
broken line. A) The median ROC curves of the validation set (estimated on seizure babies, N=35)
compared to ‘leave one out’ cross validation set of Temko (11). The numbers on the plot represent
data points for ANSeR thresholds. B) The median specificity of ANSeR for validation set for range of
ANSeR thresholds, estimated on neonates with seizures (N=35) and neonates without seizures
(N=35). Data and figures supplied by N. Stevenson.

The results for event based metrics for the validation study compared to the previous LOO
are shown in figure 60. 60a shows performance curves for seizure detection rate plotted
against false detection rate. Again the curves for the validation and LOO study are similar.
Figure 60b shows the false alarm rates for seizure and non seizure neonates are very similar.
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A

B
Fig 60. Event based metrics of ANSeR performance. IQR is represented by broken lines. A)
Performance curves of seizure detection rate against false detection rate for validation set compared
to LOO dataset (11). B) Median false detection rates for range of ANSeR thresholds for neonates
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with seizures (N=35) and neonates without seizures (N=35) for validation dataset. Data and figures
supplied by N. Stevenson.

The seizure detection and false detection rates (ANSeR threshold 0.5) for individual
neonates recruited into the study from the two centres are shown in figure 61. Neonates
recruited from CUMH are to the left of the blue lines and from UCLH are to the right. There
is variability in both seizure detection and false detection rates across the cohort. High false
detection rates for ID 25 and 26 were due to respiration and pulse artefact respectively.

Fig 61. Seizure detection and false detection rates for individual babies in the study from the two
institution (CUMH left of the blue line, UCLH right of blue line) at ANSeR threshold 0.5. Note high
false detection rates in ID 25 and 26 due to respiration and pulse artefact. Data and figure supplied
by N. Stevenson.

The effect of seizure duration on seizure detection rate is shown in figure 62 (top panel).
The detection rate is poorer for shorter seizures, particularly for seizures below 1 minute
duration. Seizure duration is normally distributed with the highest proportion of seizures
one to two minutes in duration (lower panel).
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Fig 62. The effect of seizure duration on seizure detection rate. Top panel, ANSeR performance with
respect to seizure duration across the range of ANSeR thresholds. Lower panel, the distribution of
seizure duration as a percentage of total seizures in the study. Data and figure supplied by N.
Stevenson.

Application specific measures of ANSeR usefulness
Table 12 shows the intra-class correlation coefficient between the annotations ANSeR and
SM for several clinically useful interpretations of the annotation. The table shows the ANSeR
threshold with the highest ICC for each interpretation and indicates that the optimal
threshold varies with the task.
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Seizure Onset (h)
Seizure Period (h)
Seizure Burden (mins)
Seizure Number (N)
Mean Seizure Duration (s)
Median Seizure Duration (s)

Median
15.1
26.3
81.1
35
169
124

IQR
(7.7-32.5)
(7.3-49.8)
(26.6-181.3)
(7-72)
(121-243)
(92-146)

ICC
0.722
0.802
0.859
0.930
0.511
0.323

SDA threshold
0.4
0.6
0.5
0.4
0.5
0.7

Table 12. Comparison of clinically relevant interpretations of the annotations of SM and ANSeR using
intra-class correlation coefficient (ICC). Interpretation relates to summary statistics of the temporal
evolution of seizures in each EEG recording. The average ICC is presented and estimated on the
entire cohort of babies (N=70). Summary statistics of seizures are estimated form the ANSeR
annotation but only on neonates where seizures have been detected by SM. For each parameter of
interest the ANSeR threshold with the highest ICC is shown. Data supplied by N. Stevenson.

A comparison of ANSeR performance to identify seizure neonates (any seizure detected)
and non-seizure neonates (no false detections) at several clinically relevant ANSeR
thresholds with clinical performance is shown in figure 63. This can be considered a ‘global’
metric of performance. As is the case for seizures and false detections, there is clearly a
trade-off between the number of seizure neonates and non-seizure neonates correctly
identified, dependent on ANSeR threshold. The best performing ANSeR threshold was at 0.8
(30/35 seizure neonates identified, 31/35 non-seizure neonates identified). For the
purposes of this analysis, clinical recognition of seizure neonates was assumed if the
neonate was treated with AED and non-seizure if AEDs not given. Clinical recognition (33/35
seizure neonates identified, 30/35 non-seizures neonates identified) was slightly superior to
the best ANSeR threshold. ANSeR did not detect any seizures in the non-seizure neonate
group that had been missed by SM.
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Fig 63. Comparison of the ability of ANSeR to correctly identify seizure and non-seizure neonates
with clinical recognition. There were 35 neonates with EEG evidence of seizures and 35 without EEG
evidence of seizures as identified by SM. Clinical recognition is based on AED administration. Data
and figure supplied by N. Stevenson.

The potential of ANSeR to support clinical decisions regarding the administration of AED is
shown in figure 64. In total 97 doses of AED were administered in the cohort (no
maintenance doses were included or analysed) with 78 of these administered during EEG
recording. 53/78 were concurrent with EEG seizures (EEG seizures were present in the 90
minutes preceding the AED administration), and 25/78 were non-concurrent with EEG
seizures (no EEG seizures were present in the 90 minutes preceding AED administration).
Again there is a trade-off in the ability of ANSeR to support AED administration decisions
with concurrent and non-concurrent seizures depending on ANSeR threshold. At high
sensitivity thresholds ANSeR will support more of the administration decisions with
concurrent seizures, but will also support more administration decisions without concurrent
seizures. At lower ANSeR sensitivity thresholds the converse is true. However the data does
suggest a potential for ANSeR to beneficially support AED administration decisions. For
example, at ANSeR threshold 0.5, ANSeR supported 45/53 (85%) of AED administration
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decisions concurrent with seizures while supporting only 6/25 (24%) of AED administrations
with non-concurrent seizures. Consequently ANSeR has the potential to reduce nonconcurrent AED administrations by 76% at a ‘cost’ of not supporting 15% of administrations
with concurrent seizures.

Fig 64. Potential of ANSeR to support clinical decisions regarding AED administrations. 78 AEDs were
given during EEG recording. Of these 53 were concurrent with EEG seizures (seizures occurred in the
90 minutes preceding AED administration) and 25 were non-concurrent (no seizures in the 90
minutes preceding AED administration. ANSeR show potential to support AED administration
decisions; at ANSeR 0.5 45(85%) of AED administrations concurrent with EEG seizures and only 6
(24%) AED administration non-concurrent with seizures, would be supported by ANSeR detection.
Data and figure supplied by N. Stevenson.

Missed seizures and false detections
An anecdotal review of seizures not detected by ANSeR suggested they were often of short
duration, low amplitude and/or had a dysrhythmic or complex morphology. Some examples
are illustrated in figure 65. In at least some cases (figure 65a, c) despite non-detection at the
ANSeR threshold illustrated (0.5), there are clear peaks on the ANSeR seizure probability
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graph available for interrogation during review. Examples of common sources of false
detection are shown in figure 66. These included respiration and pulse artefact, which are
recognisable as they are synchronized to the separate respiration and ECG traces
respectively. Sweat artefact produced false detections in some babies and is recognisable as
characteristic, repetitive, high amplitude, rolling, sub-delta waves. At times false detection
occurred with no apparent artefact on the EEG but with a highly rhythmic background EEG
pattern. This pattern was often noted during intermediate sleep, which is a transient phase
of sleep between active and passive sleep and is characterised by a widespread increase in
semi-rhythmic background delta activity. In some cases this delta activity took on a rather
more rhythmic morphology than typical and resulted in some false detections. A more
rigorous and quantitative assessment of the factors affecting ANSeR seizure detection and
the main causes of false detection is presented in chapter 3, study 2 of this thesis.

Short seizures

A)
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B)

Undetected
seizures

Detected
seizures

C)
Fig 65. EEG seizures missed by ANSeR. A) Short 30 s seizure. 0 of 4 seizures were detected in the
record of this neonate (ANSeR threshold 0.5). B) Subtle 2 minute seizure with dysrhythmic, complex
morphology, 0 of 1 seizure was detected in the record of this neonate. C) Low amplitude seizure, 31
of 55 seizures were detected in the record of this neonate. Note. Non-detected seizures produce
clear peaks on seizure probability trace (upper panels) for review interrogation.
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False detections due
to persistent
respiration artefact

Respiration artefact on
EEG synchronized with
respiration trace

A)
False detections
due to persistent
pulse artefact

Seizures

Pulse artefact
synchronized
with ECG trace

B)
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Sweat artefact

C)

Highly rhythmic
EEG

D)
Fig 66. Common causes of ANSeR false detection. A) Respiration artefact. Upper panels shows
ANSeR output (seizure probability trace). Lower panel shows rhythmic respiration artefact
synchronized with respiration trace (bottom). B) Pulsatile artefact synchronized to ECG trace. C)
Sweat artefact with high amplitude, semi-rhythmic, rolling, slow waves. D) Highly rhythmic
background EEG during intermediate sleep phase. Note how periodic episodes of intermediate/quiet
sleep as shown on the aEEG are coincident with raised peaks on the ANSeR seizure probability
output and highly rhythmic EEG in the lower panel.
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2.6 Discussion
To demonstrate the anticipated performance of ANSeR in a real clinical environment we
have used a comprehensive set of both event and time based metrics to test the ‘offline’
performance of ANSeR on a large, unedited data set of prolonged clinical EEGs from 2
institutions. We have also included some application specific measures of the clinical utility
of ANSeR. To our knowledge, this is the largest data set used to test an SDA to date and only
a small number of previous SDAs have been tested on large data sets (118;147;225;231).
A comparison of the performance of ANSeR to that of previous SDAs (see section 1.6.4)
suggests ANSeR performs favourably, although in previous papers not all metrics were
reported, nor is the test dataset identical, thus strict comparisons are difficult.
Gotman reported a SDR of 66% with a FD rate of 2.3FD/h for their algorithm while ANSeR
achieved a higher SDR rate of 75% with a considerably lower FD rate of 0.4 FD/h at
threshold 0.3. In the clinical validation study of the Navakatikyan (229) RecogniZe algorithm
by Lawrence (147), the authors found a SDR of 55% with a FD rate of 0.1 FD/h while at a
threshold of 0.5 ANSeR achieved a slightly lower SDR of 53% but with a lower FD rate of 0.04
FD/h. Similarly, in the validation study of the Deburchgraeve (116) algorithm, Cherian (118)
reported a SDR of 66% with a FD rate of 0.58 FD/h, while at a threshold of 0.4 ANSeR
achieved only a slightly lower SDR of 64%, but again with a lower FD rate of 0.12 FD/h.
The performance of ANSeR in this study also compares well with previously published
ANSeR performance. Current performance was compared with the previous leave one out
cross validation of Temko (11) (figures 59, 60), where the training data set was also used for
testing. These results suggest both that ANSeR performs as well on a previously unseen
dataset as the training data set and also that the training data set contained a
representative population of seizure and background EEG patterns. In addition, in this study
we have for the first time tested ANSeR on data collected from 2 institutions, with potential
differences in technical quality and recording. The similarity of results to those previously
published demonstrates that ANSeR displays a practically acceptable degree of robustness.
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ANSeR performance has been presented over a range of thresholds for a number of
conventional metrics and application specific measures of usefulness and ‘best performing’
thresholds determined for these tasks. It is clear from the results presented here that the
best performing ANSeR threshold is both variable and task specific and therefore dependent
on the requirements of the user. For example, for the task of identifying the maximal
number of seizure and non-seizure neonates (figure 63), an ANSeR threshold of 0.8 was
optimal, while for supporting clinical decisions regarding AED administration (figure 64),
thresholds 0.5/0.6 were optimal. The intra-class correlations in table 12 show a range of
best performing thresholds for different parameters of clinical interest. For the task of
detecting the maximal amount of seizure and non-seizure EEG, time based analysis
indicated that threshold 0.4 was the best performing threshold (table 10)
While the above parameters may be of interest to the end users of ANSeR, i.e. the clinicians,
it is likely that the most relevant metric to this group will be the event based measures of
seizure detection and false detection rates. While they may be less concerned how much of
a given seizure is detected, they are likely to be more concerned that some detection is
made within a seizure, allowing them to monitor the evolution of ongoing seizures and
titrate AEDs appropriately. Choosing a threshold to detect maximal numbers of seizures
however, must be balanced with an ‘acceptable’ rate of false detection as the latter will
usurp valuable time resources of clinical staff. The frequency of false detections that a
clinical team will tolerate is, to a degree, also user dependent and may vary across
institutions.
We propose that the output of ANSeR at a range of thresholds from 0.5 to 0.3 to be a
clinically acceptable range, giving seizure detection rates between 52.6 and 75% with false
detection rates approximately every 20 and 3 h respectively. This range is subjective but
proposed on the basis of a perceived expectation that a minimum of 50% seizure detection
is required and that a false detection rate greater than 0.5/h might be considered excessive.
As well as faithfully detecting ongoing seizures, it is important user requirement of SDAs to
detect seizures quickly after seizure onset, such that AEDs can be administered promptly.
For detecting seizure onset, a threshold of 0.4 was optimal (table 12), however comparing
ANSeR performance of seizure onset [median (IQR) seizure onset 15.1 h (7.7-32.5)] against
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the detections of SM [median (IQR) seizure onset 19 h (11.5-35.8)], it is clear there is a
discrepancy with ANSeR producing a median seizure onset time several hours before
seizures actually started (as detected by SM). This discrepancy is due to early false
detections by ANSeR and both this issue and a detailed analysis of ANSeR performance to
detect the onset of seizures, are explored more fully in chapter 5, study 4 of this thesis.
The analysis of the effect of seizure duration on ANSeR detection rate has revealed that
ANSeR is less likely to detect short duration seizures, particularly less than 1 minute. This
was previously reported by Temko (7), and was in part attributed to the moving average
filter (MAF) in the post processing stage of ANSeR analysis. The MAF smooths the output
decisions of the SVM and is 15 epochs (8 s epochs with 50% overlap=64 s) in length. The
consequence of any seizure less than this time period is that a portion of non-seizure EEG
will be included in the decision, effectively reducing the probability of ANSeR detection.
Some anecdotal examples of the causes of false detection were identified. Both the seizure
features affecting ANSeR detection and the main causes of false detection will be
investigated in chapter 3, study 2 of this thesis.
A consequence of the fact that there are rhythms on the EEG, artefactual or otherwise, that
mimic seizures, is a risk of erroneous AED overtreatment, whether these patterns are
identified by ANSeR or clinicians. To minimise this risk, clinical staff at the cotside may
benefit from teaching material highlighting both the characteristics of seizures and common
sources of false detection and how to differentiate them. This topic is developed in chapter
6, study 5 of this thesis.
The analysis of the potential of ANSeR to support clinical decisions regarding AED
administrations is has shown that on 25 occasions, AEDs were given without EEG seizures in
the preceding 90 minutes and that ANSeR has the potential to reduce AED administrations
without ‘concurrent' seizures. It is not suggested that in 25 cases AEDs were given
‘inaccurately’ by clinicians, on only one occasion did we find that an AED had been given on
clinical grounds only and without EEG evidence of seizure during the recording period. For
the majority of instances it is likely that there was simply a delay in identifying seizures and
treatment due to the periodic nature of current EEG review which could potentially be
reduced by the use of ANSeR.
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It is important to reiterate that ANSeR is neither intended to replace the expert clinician’s
review of the EEG or be viewed as a categorical ‘decision maker’ regarding the presence of
EEG seizures. Its purpose is only to highlight areas of interest for further clinical review due
to raised seizure probability. In this respect, a crucial aspect of ANSeR output is the seizure
probability graph. Clinicians reviewing at the cotside are likely to review both prominent
peaks that breech the threshold and those that do not, but stand out from the background,
such as those illustrated in figure 65a and 65c, in much the same way as the aEEG is used for
seizure detection. This highlights the fact that the role of the reviewer is central to both the
interpretation of ANSeR output, and indeed how many seizures and false detection are
correctly identified. Indeed, it is our hope that the seizure detection performance of
clinicians with the assistance of ANSeR, will be superior to the simple binary ‘alerts’ based
on fixed thresholds presented here.
There are several limitations to this study. Firstly, ANSeR was only tested here on the EEG
data of term neonates and not preterm data. Previous studies have suggested preterm EEG
seizures compared to term seizures show some differences in morphology (114) and tend to
be of shorter duration with less propagation (250), which may affect the performance of
ANSeR. Analysis of ANSeR performance on EEG data of preterm infants will be the subject of
future study. Adaptations may need to be made to the ANSeR program if detection is poorer
in the preterm group. It may be possible to adopt a similar methodology to Bogaarts et al.
(251). In their study they investigated whether ANSeR could be adapted to an ‘ageindependent’ algorithm for potential use in both neonates and adults by using a combined
neonatal and adult EEG training set and a feature baseline correction function to normalise
features between neonatal and adult EEG. The results were promising, with the classifier
trained on the combined data performing nearly as well as classifiers trained on neonatal
EEG only or adult only EEG for their respective groups. A similar combined preterm/term
neonatal EEG training dataset could also be tested.
Secondly, although the data set used in this study contains a spread of common aetiologies
causing seizures in neonates, there is no indication of whether ANSeR performance varies
with different aetiological groups. While Patrizi (114) found no difference in neonatal
seizure patterns between different aetiological groups, they state that patient numbers for
each group were small. This is true also of our cohort and a future study of ANSeR
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performance in this respect, with greater representation of different aetiologies, may be of
benefit to inform clinicians as to whether ANSeR performance is equivalent across
aetiological groups.
While the data presented here was recruited from 2 institutions, to prove the efficacy of
ANSeR in the real world situation it would be optimal to test the algorithm at multiple
recording sites, to incorporate differences in recording technique and subject populations.
To address this issue and investigate the full clinical utility of ANSeR, the algorithm is
currently undergoing performance assessment in a multisite (8 sites) evaluation ‘the ANSeR
study’, initially tested on EEG data ‘post-acquisition’ from the various sites
(https://clinicaltrials.gov/show/NCT02160171) , and then in a ‘live’ randomised trial
(https://clinicaltrials.gov/ct2/show/NCT02431780).

2.7 Conclusion
In this study the performance of ANSeR was validated on a large, unseen, unedited dataset
of 70 EEGs from 2 sites and was shown to achieve clinically useful seizure detection with
acceptable false alarm rates. Ongoing multi-centre evaluation of ANSeR in a ‘live’ clinical
environment will critically investigate the clinician’s interpretation of the full ANSeR output
to determine whether ANSeR improves seizure detection in real time, relative to current
practice.
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Chapter 3. Study 2: In-depth performance analysis of a novel
seizure detection algorithm for term neonatal EEG
3.1 Introduction
In study 1 of this thesis, a validation study of ANSeR performance was presented, including a
comprehensive set of both conventional metrics (time and event based) and some
application specific measures of the clinical utility of ANSeR. However, given the wide
variety of neonatal seizure types and multiple sources of artefact potentially causing false
detection, what developers also want to know is what are the types of seizure ANSeR is
detecting or failing to detect and what are the most common causes of false detection. This
would facilitate making modification to the algorithm in a targeted manner and thus
optimize performance. This would also inform users of the strengths and weaknesses of the
algorithm and should therefore increase clinical confidence in its use. This type of analysis is
only discussed anecdotally or partially in previous performance analysis papers (see section
1.6.6).

3.2 Objective
The objective of this study was to introduce a novel set of seizure analysis criteria to
characterize features of detected and non-detected seizures and determine how these
features affect automated seizure detection. Causes of false detections were also
characterised and quantified.

3.3 Methods
Patients and EEG recording
EEG from 20 term neonates, 10 with seizures and 10 seizure-free were extracted from a
randomised list of the 70 neonates used in the previous validation study (study 1 of this
thesis) made at the neonatal units at University College Hospital, London and University
College Hospital, Cork, Ireland. EEG was recorded on the NicoletOne monitor (Carefusion,
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Wisconsin, USA) using the 10:20 recording system adapted for neonates using the following
electrodes F4, F3, T4, T3, C4, C3, CZ, O2 and O1. The EEG was recorded using a sampling rate
of 250/sec or 256/sec and a filter bandwidth of 0.5-70 Hz. The trace was displayed with a
mixed longitudinal/transverse bipolar montage.
Ethics and consent
This study was approved by the East London and the City Research Ethics Committee
09/H0703/97 and by the Clinical Research Ethics Committees of the Cork Teaching
Hospitals. Written informed consent was obtained from the parents of each neonate who
participated in the study.
Seizure analysis
All seizures were annotated on the original EEG file at the beginning and end by an expert
electrophysiologist Sean Mathieson (SM) to generate duration times and event list text files,
which were then exported to Excel. EEGs were identified by SM by scrolling through the
entire EEG page by page and seizures identified on the basis of electrographic evidence. The
seizure annotations of SM were verified by a clinical neurophysiologist Ronit Pressler (RP),
who was blinded to patient details, by reviewing the EEG at the time of the annotation by
SM. All recordings were also analysed for seizures by the SDA (alpha version) post
acquisition and text files of the SDA annotations for onset time, duration and channel of
peak detection exported for three SDA sensitivity thresholds (0.4, 0.5 and 0.6). This range of
sensitivity thresholds was deemed to likely include the most optimal detection threshold i.e.
maximum number of detections with clinically acceptable number of false detections.
The seizure annotations by SM/RP were used as the ‘gold standard’ for seizure detection
with which to compare the SDA. This was performed by visually comparing seizure detection
annotation lists of SM and the SDA in Excel. Seizure annotations by SM were used to
determine which seizures were detected by the SDA and subsequently to divide seizures
into 2 groups, namely those detected and non-detected by the SDA. False detections were
also identified for later classification.
Before determining which seizures were detected or undetected by the SDA, all seizures
detected by SM were manually quantified/scored using 10 criteria which are outlined in
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table 13 for later comparison between the two groups of detected and non-detected
seizures. Seizure features were subdivided into ‘seizure signature’ features describing the
seizure morphology, amplitude, degree of rhythmicity and EEG background context (1-5),
‘short term temporal context or evolution’ describing the seizure duration, frequency
variability and change in morphology during the seizure (6-8) and ‘spatial context’ describing
the propagation of the seizure. Criteria for categorizing the seizure morphology and the
background pattern were adapted from those described by Patrizi (114). These features
were chosen for analysis as variation within these features was considered pertinent to the
performance of ANSeR.
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Variable
group

Variable

Measurement
type:
quantitative/
visual
analysis
Quantitative

Measurement
unit

Method/category

Purpose/comment

Seizure
signature

Seizure
amplitude at
peak of
seizure

µV2

Measure peak to trough using graticule on
highest amplitude discharge at midpoint of
seizure

To quantify the maximum
seizure amplitude

Seizure
signature

Rhythmicity
score

Visual

Number

1=significant dysrhythmia
2=minimal dysrhythmia
3=highly rhythmic

Seizure
signature

Background
EEG score
at time of
seizure

Visual

Number

1=normal
2=moderate abnormality
3=severe abnormality
* see below

visual score of how
rhythmicity/frequency
appears to change from
second to second over
the seizure
To highlight context in
which seizure are
detected/not detected

Seizure
signature

Seizure
morphology
at onset

Visual

Category

1=rhythmic discharges of delta (RDD)
2=rhythmic discharges of theta (RDT)
3=rhythmic discharges of alpha (RDA)
4=spikes (S) or sharp waves (SH)
5=sharp wave and slow wave (SH+W)
complexes or spike and wave complexes
(SP+W)
* see below

To categorize dominant
morphology of seizure
discharge at onset

Seizure
signature

Seizure
morphology
at peak of
seizure

Visual

Category

As above

To categorize dominant
morphology of seizure
discharge at peak
(middle) of seizure

Short-term
temporal
context or
evolution
Short-term
temporal
context or
evolution

Seizure
duration

Quantitative

Seconds

Duration derived from SM annotations of
start/end of seizure.

To quantify seizure
duration

Frequency
variability
(over whole
seizure)

Quantitative

SD (Hertz)

Using frequency graticule calculate discharge
frequency at:
A = Start frequency (first 5 seconds)
B = Peak frequency (mid seizure)
C = Final frequency (last 5 seconds)
Frequency variability = Standard deviation
A:C.

To derive an estimate of
the degree of frequency
variability over the span
of the seizure.

Short-term
temporal
context or
evolution

Seizure
morphology
change
from onset
to peak

Quantitative

Binary Y/N

Comparison of seizure morphology at start and
peak

To assess
change/variability of
seizure morphology
within seizure

Spatial
context

Number of
EEG
channels
involved at
onset of
seizure
Number of
EEG
channels
involved at
peak of
seizure

Visual

Number

Count of number of EEG channels showing
seizure discharges

To estimate the size of
the seizure field at the
start of the seizure

Visual

Number

Count of number of EEG channels showing
seizure discharges

To estimate the size of
the seizure field at the
peak of the seizure

Spatial
context

* From Patrizi
Table 13. Seizure assessment criteria.
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False detections
False detections (FD), defined as seizure detections by the SDA not coincident with the
seizure detections of SM. These were characterized under headings summarized in table 14.
Where no obvious artefact was seen, a description of the EEG at the time of the false
detection was given.
False detection categories
FD due to respiration artefact
FD due to ECG/pulse artefact
FD due to chewing/sucking artefact
FD due to bad/loose electrode artefact
FD due to oscillator artefact
FD due to patient movement or handling (including patting, stroking)
artefact
FD due to electronic equipment artefact
FD due to sweat artefact
FD due to unclassified artefact
FD with no obvious artefact detected. With comment describing
background EEG for each FD including:
 Normal background
 Highly rhythmic EEG
 Sharp waves
 Low amplitude EEG

Table 14. Categorization of false detection.

Statistical method
Statistical methodology included univariate and multivariate mixed effects logistic
regression to investigate and quantify the effects of seizure features on seizure detection.
Features were included as fixed effects and Baby ID as a random effect in the models. The
area under the receiver operator characteristic curve (AUC) and the corresponding 95%
confidence interval (CI) were used to assess the diagnostic accuracy of the models. Features
that were statistically significant in the univariate analysis were candidate variables for the
subsequent multivariate analysis. Backward stepwise deletion was used to select the
features included in the final multivariate model. The potential for collinearity amongst the
features analysed was investigated prior to inclusion in the multivariate model. When
collinearity occurred, the feature with the highest AUC value in the univariate analysis was
included. Results are presented as odds ratios (OR) with 95% confidence intervals. False
detection rates between seizure and non-seizure neonates were compared using the Mann172

Whitney U test. A Separate analysis was performed for each threshold. The statistical
analysis was performed using Stata 13.0 (Texas, USA). Each test was two-sided and a p-value
<0.05 was considered statistically significant.

3.4 Results
Patients and EEG recording
A total of 1262.9 hours (mean 63.1) of EEG was recorded on 20 term neonates with mixed
aetiologies (table 15), 10 with seizures and 10 seizure-free.

Gender

Antiepileptic
medication

Morphine
Y/N

40+4

F

2*Pb

N

HIE grade 3

40+0

M

2*Pb, Mdz inf

Y

Y

MAS, PPHN

40+5

F

Nil

Y

4

Y

39+2

M

2*Pb, Ptn

N

5

Y

Stroke
Intraparenchymal
haemorrhage

41+2

F

Pb

N

6

Y

Subdural haemorrhage

41+0

M

3*Pb

N

7

Y

HIE grade 2

40+3

F

Pb

N

8

Y

Septic emboli ? Encephalitis

39+3

M

2*Pb, Mdz inf

N

9

Y

Right MCA stroke

40+3

M

2*Pb, Mdz inf

N

10

Y

Left haemorrhagic infarction

39+2

M

2*Pb

N

11

N

HIE grade 1

39+3

F

Pb

N

12

N

Birth asphyxia

41+6

M

Nil

N

13

N

HIE grade 1

41+6

F

Nil

N

14

N

HIE grade 1

41+4

F

Nil

N

15

N

MAS

41+0

F

Nil

Y

16

N

HIE grade 1

41+2

M

Nil

N

17

N

HIE grade 2

41+4

M

Nil

N

18

N

HIE grade 2

39+1

M

Nil

Y

19

N

HIE grade 1

38+2

F

Nil

N

20

N

HIE grade 2

41+2

F

Pb

Y

Patient

Electrographic
seizures Y/N

Aetiology

Gestational
age

1

Y

HIE grade 2

2

Y

3

Table 15. Demographics of patients included in the study. HIE- hypoxic ischemic encephalopathy,
MCA - middle cerebral artery, MAS - meconium aspiration syndrome, PPHN- persistent pulmonary
hypotension, Pb- Phenobarbitone, Mdz inf- Midazolam infusion, Ptn– Phenytoin.
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Seizure detection and false detection rates
In total 421 seizures were detected by SM. Independent verification of seizures by RP
showed agreement on 419/421 (99.5%). The rates of seizure detection and false detection
for the SDA for seizure babies are given in table 16a and the false detection rates for nonseizure babies are given in table 16b. More seizures were detected at lower thresholds
(higher sensitivity) but the false detection rate was also higher. Seizure detection rates and
false detection rates fell as the sensitivity was decreased (threshold raised). There was no
significant difference in false detection rates between seizure and non-seizure babies at the
3 thresholds tested (thr 0.4 p=0.579, thr 0.5 p=0.280, thr 0.6 p=0.218).

False
Seizure
detection Seizure
detection rate
detection
rate
(FD/HR)
rate
Threshold
0.4%
0.4%
0.5%
Patient
1
79.17
0.39
66.66
2
52.63
1.73
52.63
3
28.57
0.03
28.57
4
95.83
0.00
83.33
5
77.14
0.65
74.29
6
20.00
0.00
0.00
7
60.00
0.93
50.00
8
60.71
0.88
57.14
9
74.10
1.11
56.12
10
58.54
0.02
52.85
Median
60.36
0.52
54.49

False
detection
rate
(FD/HR)
0.5%
0.06
1.53
0.02
0.00
0.31
0.00
0.48
0.64
0.60
0.00
0.18

Seizure
detection
rate
0.6%
54.17
47.37
28.57
79.17
60.00
0.00
30.00
57.14
44.44
38.21
45.91

False
detection
rate
(FD/HR)
0.6%
0.01
1.43
0.00
0.00
0.18
0.00
0.24
0.53
0.28
0.00
0.10

A
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Patient
number
11
12
13
14
15
16
17
18
19
20
Median

False
detection
rate thr
0.4
(FD/HR)
0.06
0.60
0.02
0.08
5.63
0.00
0.01
0.05
0.65
0.08
0.07

False
detection
rate thr
0.5
(FD/HR)
0.00
0.20
0.00
0.00
3.75
0.00
0.00
0.05
0.14
0.04
0.02

False
detection
rate thr
0.6
(FD/HR)
0.00
0.04
0.00
0.00
0.64
0.00
0.00
0.00
0.00
0.03
0.00

B
Table 16. Seizure detection and false detection rates for patients included in study. A) Seizure
detection and false detection rates for seizure babies, B) false detection rates for non-seizure babies.
FD/Hr false detections per hour.

Seizure features as predictors of automated seizure detection by the SDA
The results of the univariate and multivariate mixed effects logistic regression analysis of
seizure features as predictors of seizure detection for the three SDA sensitivity thresholds
analysed are presented in table 17.
In the univariate analysis, 8/10 of the seizure features were a significant predictor of
automated seizure detection for all 3 thresholds tested. Higher peak seizure amplitude,
increased frequency variability over the span of the seizure, greater seizure rhythmicity
from second to second, greater seizure duration, a greater number of channels involved at
both seizure onset and peak and change in morphology from start to peak of seizure, were
all associated with increased odds of seizure detection. The morphology of the waveform at
seizure peak was also a significant predictor of seizure detection. The odds of seizure
detection was significantly higher in the group including spike and wave and sharp wave/
slow wave complexes (SP+W/SH+W) compared to the group including rhythmic delta
discharge (RDD) at all thresholds. The odds of seizure detection was also significantly higher
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in the sharp wave (SH) group compared to the rhythmic delta discharge (RDD) group at
threshold 0.6 but not at other thresholds. Seizure duration had the highest AUC value across
all thresholds (Table 18).
To determine if a particular feature remained a significant predictor of automated seizure
detection after controlling for the other features, a multivariate analysis was performed.
Collinearity was identified between the seizure features “number of channels at seizure
onset” and “number of channels at seizure peak” and therefore only number of channels at
seizure peak was included in the multivariate analysis, as it had the higher AUC in the
univariate analysis. For all 3 thresholds tested, four of the features were statistically
significant predictors of seizure detection including; seizure duration, amplitude, rhythmicity
and number of EEG channels involved in the seizure at peak of seizure. Increased odds of
seizure detection were associated with higher peak amplitude, greater rhythmicity, greater
seizure duration and greater numbers of channels involved at seizure peak. Change in
morphology from start to peak of seizure was also associated with increased odds of seizure
detection at thresholds 0.5 and 0.6, but not 0.4. Higher frequency variability was associated
with increased odds of seizure detection at threshold 0.4, but not at 0.5 and 0.6.
The AUCs (95%CI) for the multivariate model was significantly better at all 3 ANSeR
sensitivity thresholds (threshold 0.4 p<0.001, threshold 0.5 p<0.001, threshold 0.6 p=0.023)
than the highest AUC (seizure duration) in the corresponding univariate analysis (table 18),
suggesting a high accuracy of the multivariate model.
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OR

(1.03 to 1.05)

(95% CI)

<0.001

<0.001

p-value

OR

(1.01to 1.04)

(95% CI)

<0.001

p-value

0.002

1.03

OR

(1.31to 1.94)

(1.03 to 1.04)

(95% CI)

<0.001

<0.001

<0.001

p-value

OR

(1.01to 1.03)

(95% CI)

<0.001

p-value

0.002

1.02

OR

(1.19 to 1.71)

(1.01to 1.02)

(95% CI)

<0.001

<0.001

<0.001

p-value

1.01

OR

(1.01to 1.02)

(95% CI)

0.011

<0.001

p-value

4.43

1.54

(1.91to 10.24)

(0.69 to 3.45)

8.2

2.92

(4.13 to 16.26)

(1.49 to 5.72)

3.03

1.43

(1.21to 7.60)

(0.58 to 3.56)

(0.68 to 8.84)

0.81

3.8

1.96

(0.68 to 1.74)

(0.49 to 1.35)

(0.81to 17.88)

(0.78 to 4.93)

1.2

0.8

2.74

1.87

(0.41to 1.57)

(0.32 to 23.14)

(0.78 to 4.48)

(1.14 to 9.72)

(0.18 to 9.63)

<0.001

<0.001

1.02

2.02

(1.01to 1.02)

(1.05 to 3.88)

<0.001

0.035

0.015

(1.07 to 1.70)

(1.58 to 5.38)

1

1.35

Multivariate analysis

Threshold 0.6: logistic regression analysis

1.43

(1.43 to 1.98)

Univariate analysis

1.68

<0.001

(5.21to 19.98)

1

10.2

2.92

(1.15 to 1.86)

<0.001

(1.08 to 5.75)

1

1.46

1.02

Multivariate analysis

Threshold 0.5: logistic regression analysis

1.6

(1.50 to 2.13)

Univariate analysis

1.79

<0.001

(1.93 to 12.78)

1

2.49

(1.14 to 1.86)

0.004

4.96

1

1.46

1.02

Multivariate analysis

Threshold 0.4: logistic regression analysis

1.04

(1.28 to 1.88)

<0.001

Univariate analysis

P eak
a m plit ude

1.55

(1.46 to 2.13)

Outco me: seizure
detected

N um be r o f
c ha nne ls s e izure o ns e t

1.76

<0.001

(1.57 to 5.38)

0.501

(7.07 to 31.25)

1

(0.36 to 36.39)

1.09

1.33

(1.50 to 3.56)

<0.001

2.9

0.176

2.46

(0.30 to 1.49)

1

RDT

RDD

3.64

(0.49 to 1.58)

1

RDA
0.67

(0.18 to 8.36)

3.33

(0.70 to 2.03)

0.88

1.21

7.68

1

1
(0.66 to 84.06)

(0.94 to 6.67)

1

RDD
7.46

(2.46 to 12.02)

S e izure
m o rpho lo gype a k

RDT

2.51

(1.64 to 3.93)

(3.20 to 18.46)

5.43

2.31

0.656

<0.001

1

14.87

1

N um be r o f
c ha nne ls s e izure pe a k
R hym ic it y
Significant
dysrhythmia
M inimal
dysrhythmia
Highly rhythmic

0.329

0.012

2.54

1

(0.70 to 4.84)

2.33

(2.45 to 11.78)

1

<0.001

(0.72 to 2.41)

(1.79 to 4.24)

(0.41to 3.98)

(2.05 to 6.48)

1.32

2.75

0.946

1.28

1
(0.52 to 1.64)

3.65

<0.001

<0.001

1
(1.21to 4.48)

SH

S e izure
m o rpho lo gyo ns e t

0.012

SH+W o r SP +W

(1.32 to 9.66)

1.85

(2.01to 5.19)

<0.001

<0.001

3.58

5.38

1

(8.35 to 45.33)

<0.001

SH

3.23

0.873
1

(0.39 to 2.91)

<0.001

(1.02 to 1.03)

1.02

1.02

<0.001

(1.01to 1.02)

SH+W o r SP +W

No

19.46

1

<0.001

1.06

(1.01to 1.03)

0.93

1.02

(0.45 to 1.60)

0.85

<0.001

(0.25 to 3.82)

0.98

(1.02 to 1.03)

(1.02 to 1.03)

1.02

1.02

Yes

C ha nge in
m o rpho lo gy s t a rt t o pe a k

F re que nc y
v a ria bilit y
EEG
ba c k gro und
No rmal
M ildly abno rmal
Severely
abno rmal
S e izure
dura t io n
(secs)

Table 17. Univariate and multivariate mixed effects logistic regression analysis investigating seizure
features associated with seizure detection.
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AUC for logistic regression analysis
threshold
0.4

0.5

0.6

Univariate analysis

AUC (95% CI)

AUC (95% CI)

AUC (95% CI)

Peak amplitude

0.84 (0.80 to 0.88)

0.82 (0.78 to 0.86)

0.79 (0.75 to 0.83)

Number of channels at seizure onset

0.71 (0.67 to 0.76)

0.68 (0.63 to 0.72)

0.67 (0.62 to 0.71)

Number of channels at seizure peak

0.73 (0.69 to 0.77)

0.68 (0.63 to 0.72)

0.68 (0.63 to 0.72)

Rhymicity

0.78 (0.74 to 0.82)

0.74 (0.69 to 0.78)

0.72 (0.68 to 0.77)

Seizure morphology at seizure onset

0.66 (0.62 to 0.71)

0.56 (0.51 to 0.60)

0.61 (0.57 to 0.66)

Seizure morphology at seizure peak

0.72 (0.68 to 0.76)

0.68 (0.63 to 0.72)

0.7 (0.65 to 0.74)

Change in morphology from start to peak

0.71 (0.66 to 0.75)

0.66 (0.62 to 0.71)

0.66 (0.61 to 0.70)

Frequency variability

0.79 (0.75 to 0.83)

0.73 (0.68 to 0.77)

0.72 (0.67 to 0.76)

EEG background

0.66 (0.61 to 0.70)

0.61 (0.56 to 0.65)

0.63 (0.58 to 0.68)

Seizure duration (secs)

0.88 (0.85 to 0.91)

0.87 (0.83 to 0.90)

0.89 (0.85 to 0.92)

Multivariate analysis

0.93 (0.90 to 0.95)

0.92 (0.89 to 0.94)

0.91 (0.88 to 0.94)

Table 18. AUC for logistic regression analysis.

Examples of typical detected and non-detected seizures are shown in figure 67. 67a shows a
detected seizure which is high amplitude, generalised, highly rhythmic and shows evolution
in amplitude and morphology developing from rhythmic delta waves at the start to spike
and wave discharges. The undetected seizure in 67b shows low amplitude discharges on
only one channel and does not show evolution in amplitude or morphology.

Delta slow
wave
discharges

Sharp wave/slow
wave discharges

c

A
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B
Fig 67. Typical detected/non-detected seizures. A) Detected seizure - high amplitude, generalised,
evolves from rhythmic delta discharges to sharp and slow wave complexes. B) Non-detected seizure
– low amplitude, no change in morphology or frequency, single EEG channel.

Categorization of false detections
The results of the analysis of false detections are shown in table 19. Respiration artefact was
the most common cause of false detection followed by ‘no artefact identified’ then sweat
artefact for the 3 thresholds tested. When false detections occurred but no artefact was
identified by SM, the background was often (~59-65%) classified as highly rhythmic. Both
movement/handling artefact and pulse/ECG artefact also contributed considerable numbers
of false detections.

SDA
threshold

FD
respiration
artefact

FD
ECG/Pulse
artefact

FD
Bad
electrode
artefact

FD Head
movement
/Handling
artefact

FD
Sweat
artefact

FD
Unclassified
artefact

FD
No
artefact
identified

0.4

278
(34.7%)

34
(4.24%)

21
(2.62%)

57
(7.12%)

160
(19.98%)

29
(3.62%)

221
(27.59%)

0.5

249
(47.88%)

42
(8.08%)

11
(2.12%)

16
(3.08%)

97
(18.65%)

19
(3.65%)

96
(18.46%)

0.6

221
(64.61%)

43
(12.57%)

4
(1.17%)

4
(1.17%)

14
(4.09%)

10
(2.92%)

46
(13.45%)

FD No artefact:
comment
132 (59.73%)
Rhythmic EEG, 67
(30.32%) normal
background, 20
(9.05%) sharp
waves, 2 (0.9%) low
amplitude EEG.
55 (57.29%)
Rhythmic EEG, 25
(26.04%) normal
background, 15
(15.63%) sharp
waves, 1 (1%) low
amplitude EEG.
30 (65.22%)
Rhythmic EEG, 11
(23.91%) normal
background, 5
(10.87%) sharp
waves.

Table 19. Results of the categorization of false detections.
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The distribution across patients of the three most prevalent causes of false detection (figure
68) (sensitivity threshold 0.4) was not evenly spread and often a single patient recording
was responsible for the majority of false detections in certain categories. For example
232/278 (83.5%) of false detections caused by respiration artefact were seen in patient 2
and 104/149 (69.8%) of false detection caused by sweat artefact were seen in patient 15.
False detections where no artefact was identified, which were most often due to a highly
rhythmic background EEG), were more distributed across several patients.

Fig 68. Distribution of the 3 most common causes of false detection across patients.

Figure 69a indicates how the number of false detections for the 3 most common causes
varies with SDA threshold sensitivity (0.4 = most sensitive, 0.6 = least sensitive). As
expected, as the sensitivity threshold increases (SDA becomes less sensitive), the number of
false detections decreases. False detections due to respiration artefact show a moderate
drop off in the graph with decreasing sensitivity, while sweat and ‘no artefact detected’
false detection rates drop off much more sharply with decreasing SDA sensitivity. The
different rates of false detection drop-off are due to morphology of these different
waveforms generating different SDA seizure probability levels. For example respiration
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artefact produces a highly rhythmic waveform, closely mimicking seizure morphology, often
resulting in a very high seizure probability output from the SDA (figure 69b), whilst sweat
artefact is only a semi-rhythmic artefact appearing intermittently and generally producing a
much lower seizure probability (figure 69c). Thus as the sensitivity threshold is raised, a
relatively greater proportion of false detections fall under the threshold for sweat vs
respiration artefact.

A
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B) Respiration artefact

C) Sweat artefact

Fig 69. Effect of ANSeR threshold on rates of the 3 most common causes of false detection. a)
Change in false detection with sensitivity threshold, b) Highly rhythmic respiration artefact (lower
panel) produces high probability peaks on SDA output graph (upper panel). c) Intermittent semirhythmic slow sweat artefact on EEG (lower panel) produces a lower seizure probability output on
graph (upper panel).

182

2.5 Discussion
This study sought firstly to define a comprehensive set of criteria (Table 13) to analyse the
features of neonatal seizures and determine how the variability of these features affected
the seizure detection performance of the SDA and to identify the key seizure features which
were not exploited. Secondly this study sought to identify the main causes of false
detections. This was done to identify potential areas for targeted improvement of the
algorithms performance.

As shown in this and previous studies of ANSeR performance (18), as the SDA threshold is
raised, seizure detection and false detection rates drop and it is clear that there will always
be a trade-off between picking a threshold that detects a satisfactory number of seizures
whilst having an acceptable rate of false detection. As the purpose of algorithms such as
ANSeR will ultimately be to alert clinical staff to the presence of seizures, this trade off can
only really be tested by practical use in a clinical setting.

As discussed in section 1.6.6, in previous SDA performance analysis studies of SDAs, authors
tend to only give anecdotal examples of seizures missed by their algorithms and sources of
false detection. In this study, the multivariate analysis has shown that only four seizure
features were consistent predictors of automated seizure detection across all three ANSeR
sensitivity thresholds tested including: peak seizure amplitude, the rhythmicity of seizures
from second to second, seizure duration, and the number of EEG channels involved in the
seizure at the peak of seizure, i.e. the propagation of the seizure field.
Two of the four criteria, seizure amplitude and rhythmicity, come from the seizure signature
group (table 13). The ANSeR software relies on 55 features computed from the EEG signal
that can be seen as universal EEG signal descriptors. Many of these features are energydependent and employ direct measures of amplitude such as root mean squared (RMS)
amplitude and methods of power spectral analysis during the feature extraction stage, such
as total power and band power, where power is the square of the EEG amplitude. Thus
seizure amplitude is expected to affect seizure detection rates.
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Similarly, the increased rhythmicity of seizures from second to second as a predictor of
seizure detection is in keeping with the findings of Mitra et al. (231) and is expected as
ANSeR is tuned to detect distinct rhythms that stand out from the background activity. For
example ANSeR employs several measures of entropy at the feature extraction stage, a
measure of the information content or complexity of a signal, on the premise that
background EEG with high complexity will have high entropy while seizures with a small
number of dominant rhythms will have low entropy. Increased dysrhythmia in a seizure will
increase the entropy therefore making it more similar to the background EEG.
The fact that longer seizure duration and the size of the seizure field (number of EEG
channels involved at the seizure peak) predicts increased automated detection, has
previously been reported (10;116;229;231). This observation is thus related to the
computed metric (the seizure), rather than to the algorithmic solution. Indeed, a seizure is
claimed to be detected by the SDA if it is detected anywhere within the spatio-temporal
manifold of the seizure. For example, a 5 min long, generalized seizure will be claimed
detected if it is detected for only, say, 30s in a single EEG channel. This clinically driven
metric therefore implies that increasing either the number of involved EEG channels or
duration of seizure will statistically increase the chances of the seizure to be detected
regardless of the content of the SDA.
Interestingly, most of the temporal context group from Table 13 were not found to be a
predictor of the seizure consistently across different thresholds, which clearly highlights the
information that is currently not well exploited by the detector. Some seizure features in
this group such as increased frequency variability over the span of the seizures and change
in seizure morphology from start to peak of seizure, characterize increased variability within
a seizure event and were only significant predictors of detection at some but not all
thresholds. That features that change over the span of the seizure were not well exploited
by the SDA is likely due to the fact that ANSeR analyses 8 second overlapping EEG segments
but changes in these two features within a given epoch are likely to be minimal as they tend
to evolve gradually over time. Clearly, the short-term classification algorithm misses some of
the information that is observable on a larger temporal scale and this is another potential
area for improvement.
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Typical examples of detected seizures and non detected seizures are shown in figure 67. Fig
67a shows a detected seizure which is high amplitude, involves multiple EEG channels and
evolves in morphology from a rhythmic delta to sharp wave/slow wave morphology. In
contrast in fig 67b a typical non-detected seizure is shown, which is shorter, lower
amplitude, does not change in morphology and only involves a single EEG channel.
Ultimately these results suggest that the SDA should detect major seizures but may miss
short, low amplitude seizures which are of arguably less clinical relevance. While studies
suggest the size of seizure burden correlates with the degree of damage on MRI (13), future
studies investigating the relationship between seizure amplitude and outcome and seizure
duration and outcome would be of clinical value.
Considering only a proportion of seizures are detected by the SDA and also only a
proportion are detected using aEEG, it is reasonable to ask what benefit there is of using the
SDA instead of aEEG. Firstly, in terms of seizures that are detected by the SDA, an alarm will
be triggered, prompting clinicians to investigate the EEG at the time of the seizure or shortly
after, leading to prompt administration of anticonvulsants. This is not the case for aEEG
which, although provides a snapshot trend that may show deflections in the trace with
seizures (or may not), is still subject to the same periodic review as the EEG, such that
seizure identification and treatment may be delayed after onset. Secondly the aEEG can only
ever register seizures that occur over the limited set of 2 or 4 electrodes from which it is
recorded. The SDA however analyses a set of 9 electrodes with a much broader coverage of
the brain such that there is a far greater potential to detect seizures. Even if seizures do not
breech the SDA sensitivity threshold and trigger an alarm, they may generate a peak on the
SDA probability trend (which effectively summarizes all EEG channels as its output is the
channel of highest probability) which can be used in a similar way as the aEEG during
periodic review, to investigate areas of interest on the EEG. The aEEG is not only used for
seizure detection and has additional important functions such as to provide a simple
‘snapshot’ assessment of brain function and the identification of sleep wake cycling.
Consequently, the aEEG and SDA trend should both be viewed as valuable adjuncts to the
EEG.
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The analysis of false detections has highlighted several factors. Firstly it has identified and
quantified the most common causes of false detection, namely respiration, sweat and a
highly rhythmic background pattern (discussed in section 1.1.3.5). Respiration artefact has
been cited by previous authors as a common source of false detection for their algorithms
(7;116;229), as has a highly rhythmic background pattern (116;229;231). In our study, an
increase in background rhythmicity was often associated with the ‘intermediate’ or ‘slow
wave sleep’ pattern of quiet sleep in which an increase in widespread, semi-rhythmic
background delta activity is observed.

Secondly this work has shown that artefacts causing false detection may not be evenly
spread across patients with some patients having high levels of artefact that will cause
frequent false detections and alarms while other may have little or none. The variable
sensitivity threshold in the SDA, if implemented in the final version, should enable the user
to desensitize the algorithm for patients with frequent false detections, although of course
there is likely to be a concomitant reduction in seizure detection performance.

Thirdly some artefacts such as respiration artefact are likely to be more persistent at higher
sensitivity thresholds than others, which should be taken into account when prioritizing
artefact rejection strategies.

Pulse/electrocardiogram artefact (discussed in section 1.1.3.5) and movement/handling
artefact also contributed considerable numbers of false detections. Pulsatile artefact in
particular, caused by the proximity of a recording electrode to a pulsing blood vessel, can
cause very rhythmic runs of focal delta activity mimicking seizures on the EEG, and can be
seen over prolonged periods. This artefact is identifiable as it tends to be fairly invariant and
will also be time-locked to the independently recorded ECG trace, as will ECG artefact. In a
similar fashion, respiration artefact will be time-locked to the respiration trace recorded
from the abdomen. Movement/handling artefacts, particularly those involving repetitive
manipulations such as patting (winding), stroking or from physiotherapy, can create
rhythmic artefacts on the EEG. Where these artefacts appear ‘seizure-like’ the video
recording is invaluable in identifying these waveforms.
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The reason that these artefacts or waveforms cause false detections is, of course, because
they constitute rhythmic stereotyped patterns, often with an increase in amplitude above
the baseline, fulfilling many of the changes in frequency, power, amplitude, auto-regression,
entropy and other parameters that the SDA is tuned to classify as seizures.

This analysis outlined several areas of potential improvement to ANSeR performance. In
particular, one key observation resulted in an adaptive modification which has been made
to the alpha versions of the ANSeR SDA, namely that artefacts due to respiration, pulse and
sweat often occur in prolonged runs over minutes or hours, raising the probability baseline
of the SDA output and causing prolonged and/or frequent false detections. The beta version
of the SDA now includes a modification which involves comparison of the probability graph
at a given time to the ‘local’ preceding probability baseline rather than zero in the alpha
version. A comparison of the algorithm’s performance with/without the modification
showed a significant increase in the area under the ROC curve from 93.4% to 96.1% and a
reduced false detection rate from 0.42FD/hr (without adaption) to 0.24FD/hr (with
adaption) while maintaining an equivalent detection of seizure burden (total seizure time in
seconds) at 70% (252) (see section 1.6.5). SM did not contribute to the adaptation made to
the beta version of the algorithm which was performed by Andrey Temko.

3.6 Conclusion
Due to the variability inherent in neonatal seizures and the numerous artefacts incurred in
prolonged recordings in the intensive care environment, automated detection of neonatal
seizure remains a highly challenging problem. The analysis presented here, using a
neurophysiological perspective, has elucidated several novel aspects of the performance of
the SDA. In particular, it allows estimation of the degree to which seizure relevant
information is exploited in SDAs. The analysis applied to the ANSeR algorithm identified a
number of directions for potential improvement and has subsequently led to an
improvement in the performance of the beta version of the algorithm.
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Chapter 4. Study 3. Phenobarbitone reduces EEG amplitude and
propagation of neonatal seizures but does not alter performance of
automated seizure detection
4.1 Introduction
Phenobarbitone is the primary first line treatment for neonatal seizures (discussed in
section 1.5.12) and has long been known to cause electroclinical uncoupling (discussed in
section 1.5.14), defined as the loss of the clinical component of an electroclinical seizure
after anticonvulsant administration, resulting in ongoing electrographic seizures. Our
observations have suggested that administration of phenobarbitone may change the
morphology of seizures which may affect the performance of our automated seizure
detection algorithm, ANSeR.
4.2 Objective.
The objective of this study was to compare the morphology of seizures before and after
phenobarbitone in neonates, using similar criteria for assessing seizures discussed in study
2, and determine the effect of any changes on automated seizure detection rates.

4.3 Methods
Patients and EEG recording
The EEGs of 18 term babies who had continuous EEG monitoring at the neonatal units at
University College Hospital, London or University College Hospital, Cork between November
2009 and February 2012 were extracted from our database of EEG recordings. Only babies
with EEG seizures both pre and post phenobarbitone were included in the study. For
statistical purposes, as the number of post phenobarbitone seizures predominantly greatly
exceeded the number of pre phenobarbitone seizures, pre and post phenobarbitone seizure
numbers were matched by taking the smaller number of seizures pre or post
phenobarbitone. For example if a baby only had 5 seizures before the first dose of
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phenobarbitone and 20 after, the 5 seizures pre phenobarbitone and the first 5 seizures
post phenobarbitone were analysed and the remaining seizures were not.
Babies received Video EEG monitoring using the 10:20 measuring system adapted for
neonates using the NicoletOne cotside monitoring system (Carefusion, Wisconsin). The
recording montage included electrodes F4, F3, T4, C4, CZ, C3, T3, O2 and O1
Ethics and consent
This study was approved by the East London and the City Research Ethics Committee
09/H0703/97 and by the Clinical Research Ethics Committees of the UCLH and Cork
Teaching Hospitals. Written informed consent was obtained from at least one parent of
each baby whose data was included in the study.
Seizure analysis
All EEGs were reviewed page by page by an expert encephalographer (SM) and seizures
were annotated at the start and end of seizures as the ‘gold standard’ for seizure detection
to give exportable text files listing seizure onset and duration times. All seizure identified by
SM were then checked by a clinical neurophysiologist (RP) for verification by reviewing the
EEG at the time of the annotation by SM.
Each seizure was then analysed by SM using the criteria previously used in study 2 and
outlined in table 20 and features for pre and post phenobarbitone seizures compared
statistically. Criteria for assessing seizure discharge morphology were adapted from Patrizi
et al. (114) and criteria for scoring the background EEG activity at the time of the seizure
were taken from Pressler et al. (84), the latter being the only difference between table 20
and table 13 of the previous study.
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Variable

Measurement
type:
quantitative/
visual
Quantitative

Measurement
unit

Method/category

Purpose/comment

Seconds

Duration derived from SM annotations of
start/end of seizure.

To quantify seizure
duration

Seizure
amplitude at
peak of
seizure

Quantitative

µV2

Measure peak to trough using graticule on
highest amplitude discharge at midpoint of
seizure

To quantify the maximum
seizure amplitude

Number of
EEG channels
involved
seizure onset
Number of
EEG channels
involved at
peak of
seizure
Frequency
variability over
whole seizure

Visual

Number

Visual analysis

To estimate the size of
the seizure field at the
start of the seizure

Visual

Number

Visual analysis

To estimate the size of
the seizure field at the
peak of the seizure

Quantitative

SD(Hertz)

Using frequency graticule calculate
discharge frequency at:
A = Start frequency (first 5 seconds)
B = Peak frequency (mid seizure)
C = Final frequency (last 5 seconds)
Frequency variability = Standard deviation
A:C.

To derive an estimate of
the degree of frequency
variability over the span
of the seizure.

Rhythmicity
score

Visual

Number

1=significant dysrhythmia
2=minimal dysrhythmia
3=highly rhythmic

Background
EEG score at
time of
seizure

Visual

Number

Seizure
morphology at
onset

Visual

Number

Seizure
morphology at
peak of
seizure

Visual

Number

1=normal/mildly abnormal, continuous EEG.
2=moderate abnormality. IBI<10 s
3=severe abnormality, IBI 10-60 s
4=inactive, background<10µV, IBI >60S
*See below
1=rhythmic discharges of delta (RDD)
2=rhythmic discharges of theta (RDT)
3=rhythmic discharges of alpha (RDA)
4=spikes (S) or sharp waves (SH)
5=sharp and slow wave (SH+W) discharges
or spike and Wave discharges (SP+W)
**See below
As above

visual score of how
rhythmicity/frequency
changes from second to
second over the seizure
To highlight context in
which seizure are
detected/not detected

Seizure
morphology
change onset
to peak

Quantitative

Binary Y/N

Seizure
duration

Comparison of seizure morphology at start
and peak

To categorize dominant
morphology of seizure
discharge at onset

To categorize dominant
morphology of seizure
discharge at peak
(middle) of seizure
To assess
change/variability of
seizure morphology
within seizure

*From Pressler (84), ** from Patrizi (114)
Table 20. Seizure features analysed.

All EEGs were analysed by the ANSeR program (beta version) (described in section 1.6.5 and
appendix) at threshold 0.3, considered at the time to be the upper limit of SDA sensitivity to
provide ‘clinically relevant’ seizure detection with acceptable false detection rates, to derive
SDA seizure onset and duration times which were also exported as text files.
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Statistical method
For each baby and separately for the two time points (pre and post phenobarbitone), a
summary measure across seizures was calculated for each of the seizure features analysed.
The median was used as the summary measure for seizure duration, peak seizure
amplitude, the number of EEG channels involved in seizure onset and at the peak of the
seizure and frequency variability over the span of the seizure. The maximum value was the
summary measure used for the rhythmicity score and background EEG score. The
proportion was used as the summary measure for the seizure detection rate and change in
discharge morphology from start to peak of seizure. Differences between the two time
periods (pre and post phenobarbitone) were investigated using the Wilcoxon Signed Rank
test. Statistical analyses were performed using IBM SPSS Statistics, version 20.0. All tests
were two-sided and a p-value < 0.05 was considered statistically significant.
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4.4 Results
Patients
Details of babies included in the study are shown in table 21. All babies received a loading
dose of phenobarbitone and 3 patients received a second dose of phenobarbitone.

Patient No'
1
2
3
4
5
6

Aetiology
HIE grade 2
HIE grade 2
HIE grade 2
HIE Grade 3
HIE Grade 3
Meningitis

Seizure
number
studied
pre/post Pb
7/7
3/3
6/6
8/8
25/25
3/3

7

HIE Grade 3

66/66

Pb 20mg/kg

8
9
10
11
12
13
14

Contusion post
forceps
Stroke
Stroke
HIE Grade 3
Focal lesion
HIE grade 2
HIE Grade 3

1/1
2/2
11/11
4/4
1/1
5/5
1/1

Pb 20mg/kg
Pb 20mg/kg
Pb 20mg/kg
Pb 20mg/kg
Pb 20mg/kg
Pb 20mg/kg
Pb 20mg/kg

15
16
17

HIE Grade 3
Stroke
HIE Grade 3

68/68
6/6
6/6

Pb 20mg/kg
Pb 20mg/kg
Pb 20mg/kg

39/39
262/262

Pb 20mg/kg

18

Stroke
Total

1st dose
AED
Pb 20mg/kg
Pb 20mg/kg
Pb 20mg/kg
Pb 20mg/kg
Pb 20mg/kg
Pb 20mg/kg

2nd dose
AED
na
na
na
na
na
na
Pb
10mg/kg
na
na
na
na
na
na
na
Pb
10mg/kg
na
na
Pb
10mg/kg

Table 21. Aetiology, number of seizures analysed and anticonvulsants for patients included in the
study. Pb phenobarbitone, na not applicable.

A total of 524 seizures were identified and analysed by SM (262 pre phenobarbitone
seizures and 262 post phenobarbitone seizures). Verification of seizures by RP produced
100% agreement with SM. The results of the comparison of seizure features between pre
and post phenobarbitone seizures are presented in table 22. Post phenobarbitone seizures
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were of statistically lower amplitude at the peak of seizure than pre phenobarbitone
seizures [median pre phenobarbitone 123 µV (62.5-225) vs median post phenobarbitone
53.5µV (46.13-89.25)], a drop of 56.5% in the median values, and involved fewer EEG
channels at the peak of seizure [median pre phenobarbitone 4 channels (3-8) vs median
post phenobarbitone 3 channels (1.4-4)].
No significant differences between the pre and post phenobarbitone seizures were found in
seizure duration, rhythmicity, frequency variability (over the span of the seizure),
background EEG grade, seizure waveform morphology at the start or peak of the seizure or
seizure waveform morphology change from start to peak of seizure. The seizure detection
rates at ANSeR sensitivity threshold 0.3 were not significantly different with median of a
77% detection rate for pre phenobarbitone seizures and a 73% detection rate for post
phenobarbitone seizures. The distribution of seizure detection rates for all babies pre and
post phenobarbitone is shown in figure 70 with the horizontal black line representing the
group median values.
Parameter
Peak amplitude
Seizure duration (secs)
Number of EEG
channels involved in
seizure onset
Number of EEG
channels involved at
peak of seizure
Frequency variability
(over whole seizure)
Rhythmicity score (sec
to sec)
Background EEG
Seizure detection rate
Changed morphology

Summary
measure
Median
Median

Pre Pb seizures.
Median (IQR)
123 (62.5 to 225)
103 (69.13 to 185.25)

Post Pb seizures.
Median (IQR)
53.5 (46.13 to 89.25)
135 (62.63 to 235)

p
value*
0.001
0.420

Median

4 (2.38 to 4.25)

3 (1 to 4)

0.068

Median

4 (3 to 8)

3 (1.38 to 4)

0.018

Median

0.25 (0.07 to 1.64)

0.24 (0.06 to 1.85)

0.868

Maximum

3 (2 to 3)

3 (2 to 3)

0.317

Maximum
Proportion
Proportion

1.5 (1 to 4)
0.77 (0.23 to 0.93)
0.45 (0.11 to 0.88)

1.5 (1 to 3.25)
0.73 (0.33 to 0.89)
0.31 (0.00 to 0.67)

0.317
0.730
0.310

* From Wilcoxon Signed Rank test. N.B. Comparisons of discharge morphology (RDD, RDT, RDA, SP/SH, SP+W/SH+W) at
start and peak of seizure are omitted, p>0.05 for all comparison.

Table 22. Results of comparison of seizure parameters pre and post phenobarbitone.
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Fig 70. Distribution of detection rates for all babies pre and post phenobarbitone. Black lines indicate
median values.

Figure 71a shows the pre-and post-phenobarbitone median seizure amplitudes for all 18
neonates including the group median (thick black line), while figure 71b shows the change in
median seizure amplitude for each baby after phenobarbitone; seizures were reduced in
amplitude after phenobarbital in 14 of 18 babies. The babies with the highest amplitude
seizures pre- phenobarbitone tended to show the greatest reduction in seizure amplitude.

M e d i a n p e a k s e iz u r e a m p lit u d e ,
p r e v s p o s t p h e n o b a r b it o n e s e i z u r e s

A m p litu d e (  V )

1000

100

s
o
P

P

re

t

P

P

b

b

10

A

194

C h a n g e in m e d ia n p e a k s e iz u r e a m p lit u d e
f o r e a c h b a b y a f t e r p h e n o b a r b it o n e

A m p litu d e (  V )

600

400

200

P

P

o

s

re

t

P

P

b

b

0

B
Figure 71. Comparison of median peak seizure amplitudes for pre and post phenobarbitone seizures
in all babies. A) Dot plot showing distribution of pre and post Pb median seizure amplitudes (black
line indicates group median), B) Changes in median seizure amplitude for each baby pre and post Pb.

Figure 72a illustrates the distribution of the median number of EEG channels involved at the
peak of seizure in pre and post phenobarbitone seizures for all babies including the group
median (thick black line) and 72b shows the change in number of channels involved for each
baby after phenobarbitone. A reduction in the number of channels involved was seen in 10
of the 18 babies.
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Figure 72. Comparison of median number of EEG channels involved at peak of seizure pre and post
Pb for all babies. A) Dot plot showing distribution of median number of EEG channels involved at
peak of seizure pre and post phenobarbitone (black line indicates group median), B) Changes in the
number of channels involved for each baby pre and post phenobarbitone.

Figure 73 shows typical examples of pre and post phenobarbitone seizures for patient 5
showing a drop in seizure amplitude and a reduction in the number of EEG channels
involved post phenobarbitone treatment.

A) Pre phenobarbitone seizure
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B) Post phenobarbitone seizure
Figure 73. Examples of pre and post phenobarbitone seizures for patient 5. A) Pre phenobarbitone
seizure B) post phenobarbitone seizure.

In terms of electroclinical uncoupling there was information available for only 15 of 18
babies as 3 babies (ID 12,13,16) had no video available for analysis. Of these 15, 9 babies (ID
1,4,5,6,7,8,11,14,5) had electrographic-only seizures both before and after phenobarbitone.
One baby (17) had a mixture of both electroclinical and electrographic seizures both before
and after phenobarbitone. This baby did not show a reduction in median seizure amplitude
(pre- Pb 47.5 µV vs post-Pb 50µV), or a reduction in the median number of EEG channels
involved at the peak of seizure (pre- Pb 3.0 channels vs post-Pb 4 channels). Five babies (ID
2,3,9, 10,18) had electroclinical seizures before phenobarbitone and electrographic only
seizures after phenobarbitone and therefore showed evidence of electroclinical uncoupling
after phenobarbitone. Baby 2 had 3 low amplitude, focal seizures before phenobarbitone
with subtle changes in both blood pressure and heart rate, and further focal, low amplitude
seizures without physiological changes after phenobarbitone. There was both a drop in
median seizure amplitude between pre and post phenobarbitone seizures (pre- Pb 40 µV vs
post-Pb 20µV) and also a substantial reduction in the median number of channels involved
at seizure peak (pre- Pb 4 channels vs post-Pb 1 channel). Babies 9, 10 and 18 all had
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unilateral stroke in middle cerebral artery territory and experienced clonic limb seizures
prior to phenobarbitone. None of these babies experienced large reductions in the number
of EEG channels involved in seizure peak (baby 9 pre- Pb 3.8 channels vs post-Pb 3 channels,
baby 10 pre- Pb 4 channels vs post-Pb 4 channels, baby 18 pre- Pb 4 channels vs post-Pb 4
channels), however all three of them did show large reductions in median peak seizure
amplitude after phenobarbitone (baby 9 pre- Pb 321µV vs post-Pb 47.5µV, baby 10 pre- Pb
195 µV vs post-Pb 88µV, baby 18 pre- Pb 123µV vs post-Pb 70µV). Baby 3 had a diagnosis of
HIE with bilateral watershed infarcts and clonic seizures prior to phenobarbitone. This baby
had both a large reduction in median seizure amplitude after phenobarbitone (pre- Pb
339µV vs post-Pb 49µV) and also a large reduction in the number of channels involved at
seizure peak (pre- Pb 8 channels vs post-Pb 1 channel).

4.5 Discussion
This study has shown that phenobarbitone reduces both the amplitude and propagation of
seizures but does not significantly affect the performance of ANSeR. These observations can
be explained by the augmentation of the inhibitory action of GABA by phenobarbitone to
hyperpolarise neurons, reducing their excitability and making them less likely to excite and
recruit connected neurons, thus reducing both the amplitude and propagation of the
seizure.
The causes of electroclinical uncoupling are not clear but it is an important phenomenon as
seizures may go undetected and untreated in centres without continuous
neurophysiological monitoring during the acute phase of illness. A model for electroclinical
uncoupling was proposed by Glykys et al, (217), as discussed in section 1.5.14, based on
observations of a differential expression of the NKCC1 and KCC2 chloride transporters
between cortical and subcortical regions in an animal model of rat pups, potentially
rendering GABA excitatory in cortical regions and inhibitory at subcortical levels. In this
scenario, cortical seizures as detected by EEG would be at minimum unaffected or at worst
exacerbated by phenobarbitone, while the inhibition at the subcortical level might block
their clinical expression. The findings in our study, that cortical seizures are reduced in
amplitude and propagation, does not support the cortical aspect of the model proposed by
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Glykys, nor do studies showing that phenobarbitone is effective in abolishing neonatal
seizures entirely in 30 to 50% of cases (196-198). It remains a possibility however that an
increased efficacy of phenobarbitone in subcortical regions relative to the cortex, as
proposed by Glykys, may contribute to electroclinical uncoupling.
While one study (196) reported an increase in seizure burden in some cases after
phenobarbitone administration, this may be due to the fact that seizures are known to have
a natural history, increasing, peaking and tailing off in frequency (253) such that an increase
in seizure burden after phenobarbitone may simply be a consequence of this process rather
than due to any effects of anticonvulsant medication. This is supported by a study by Painter
et al. (198) in which phenobarbitone was found to be ineffective in the phase of increasing
seizure burden in a neonatal cohort.
When considering the causes of electroclinical uncoupling, it is also possible that in
subclinical seizures there is a) simply less involvement of the motor strip as previously
suggested by Boylan et al, (6), the area from where the most overt clinical expression of
seizures originates, and/or b) if one assumes that the amplitude of a seizure in a given
cortical area roughly equates to the number of neuronal units recruited, then it may be that
there is a threshold of neuronal numbers in the cortex that must be breached in order to
drive epileptiform activity in subcortical circuits and in turn motor manifestations of
seizures. Subclinical seizures may simply not reach this threshold due to a partial reduction
of seizure activity by phenobarbitone.
While this study has not addressed the specific question of the relative involvement of the
motor strip in clinical vs subclinical seizures, the finding that overall, post-phenobarbitone
seizures tend to propagate less than pre-phenobarbitone seizures does at least suggest that
this scenario is a possibility worth investigating. A study of the relative involvement of the
motor strip in pre and post phenobarbitone seizures would be optimised by using a full set
of electrodes rather than the reduced set used here, in which electrode coverage away from
the motor strip was relatively sparse. The finding that seizures in these babies dropped
56.5% as a group in their median amplitude after phenobarbitone administration however,
clearly also supports the second possibility.
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The evidence from the babies in this study regarding electroclinical uncoupling supports
these suggestions. The 1 patient who experienced some electroclinical seizures both before
and after phenobarbitone showed no reduction in seizure amplitude or propagation after
phenobarbitone, while the 5 patients with electroclinical seizures before phenobarbitone
and electroclinical uncoupling after phenobarbitone, all showed a reduction in either the
propagation of the seizure or the peak amplitude of seizure, or both. It is interesting to note
that the 3 babies with middle cerebral artery stroke and initial clonic seizures that
experienced electroclinical uncoupling after phenobarbitone, did not have a marked
reduction in the number of channels involved at the peak of seizure, therefore there was
presumable still involvement of the motor cortex in their seizures. They did however, all
experience marked reduction in median peak seizure amplitude. This limited information
does lend some weight to the suggestion that it is the amplitude of the seizure that is the
dominant factor in electroclinical uncoupling.
Another important consequence of a reduction in seizure amplitude and propagation after
phenobarbitone is that seizures are likely to become somewhat harder to detect on visual
examination of the electrographic evidence. This is true of the EEG evidence where postphenobarbitone seizures may stand out less from the background EEG, but it is especially
likely to be a problem when only aEEG monitoring is available. Studies by Rennie et al. (5)
and others (219;254)(discussed in section 1.6.1) showed that many seizures identified on
EEG were missed when reviewing the aEEG in isolation and that ‘missed’ seizures were
often short, involved a small number of EEG channels and were of low amplitude, often
registering minimal deflection on the aEEG display. These findings highlight that EEG should
be used for seizure monitoring whenever possible and that great care and attention should
be used when reviewing EEG after phenobarbitone and other medications.
The principal purpose of this study was to examine the effect of any changes in seizure
features subsequent to phenobarbitone treatment, on the performance of our seizure
detection algorithm. In study 2 of this thesis the same methodology for seizure analysis was
used to investigate the features of seizures affecting ANSeR performance. It was found that
an increase in 4 features were independently associated with an increased likelihood of
seizure detection by ANSeR; seizure duration, amplitude, rhythmicity and number of EEG
channels involved in seizure peak (propagation). In the present study, phenobarbitone did
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not affect seizure duration or seizure rhythmicity. The finding that phenobarbitone did
reduced seizure amplitude and propagation but did not significantly reduce ANSeR
performance is slightly at odds with the previous study. It is possible that the seizures
analysed in the previous study, which included a proportion after additional medications
such as phenytoin and midazolam, were reduced further in amplitude and propagation
below a threshold for ANSeR detection than those analysed here which were solely
influenced by phenobarbitone.
The results of this study suggest that the performance of ANSeR is robust to the effects of
phenobarbitone on neonatal seizures and implies that users should not need to adjust the
sensitivity threshold of ANSeR after phenobarbitone administration. One obvious limitation
of this study is that only the effects of phenobarbitone were tested while the effect of
second-line anticonvulsants such as phenytoin, midazolam and others, were not. As
suggested above, it is possible that these second line medications do affect automated
seizure detection adversely and is an area for further study. Teasing out the effects of
particular drugs on seizures when patients on multiple anticonvulsants however, is likely to
be problematic.

4.6 Conclusion
The main purpose of this study was to examine the effect of phenobarbitone on neonatal
seizure morphology to ascertain whether the performance of our automated seizure
detection system was affected. It was shown that phenobarbitone reduces both the
amplitude and propagation of seizures but these changes do not alter ANSeR performance.
The results may also contribute to the understanding of the phenomena of electroclinical
uncoupling, and provide a methodology for further studies investigating the effect of
different antiepileptic agents in the newborn.
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Chapter 5. Study 4. Early seizure detection performance of a novel
automated seizure detection algorithm for neonatal EEG should
lead to earlier antiepileptic drug treatment
5.1 Introduction
To improve seizure detection above the current practice of either clinical detection or
periodic visual review of aEEG or EEG, the goal of any automated seizure detection
algorithm is twofold; firstly to improve the overall detection yield of the ongoing seizure
burden, enabling users to titrate AEDs appropriately balancing seizure control against
overuse of potentially harmful medication, and secondly to detect the onset of seizures
earlier, enabling users to administer AEDs at the earliest opportunity.
There is accumulating evidence that seizures impose neuronal damage in addition to that
caused by the underlying aetiology and that aggressive treatment of electrical seizures may
reduce seizure burden and improve MRI and performance outcomes (see section 1.5.9). In
this context, improved detection of seizure onset by ANSeR relative to current clinical
practice is of clear potential benefit.
In a recent validation study of the performance of ANSeR presented as study 1 of this thesis
(18), a subanalysis was performed exploring the potential of ANSeR to support clinical
decisions regarding all AED administration (see section 2.5) which showed that ANSeR had
the potential to support clinical treatment decisions beneficially. This study did not however
specifically look at whether ANSeR had the potential to improve treatment times of the first
AED administration or indicate what a potential time saving (or loss) using ANSeR might be.

5.2 Objective
The objective of this study was to examine rates of seizure onset detection and concomitant
false detections over the range of ANSeR sensitivity thresholds and to retrospectively
determine whether the use of ANSeR would have led to earlier drug treatment times after
the first seizure.
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5.3 Methods
Patients and EEG recording
Continuous EEG (mean 51.6 hrs. (21.5-84.4) was recorded on 70 term babies (35 with
seizures, 35 seizure free) with various aetiologies at the neonatal units at University College
Hospital, London and University College Hospital, Cork, Ireland between February 2009 and
June 2011 as part of a wider validation study (study 1 of this thesis) examining the
performance of the ANSeR algorithm (18). Babies received Video EEG monitoring using the
10:20 measuring system adapted for neonates using the NicoletOne system (Carefusion,
Wisconsin). Recording electrodes included F4, F3, T4, C4, CZ, C3, T3, O2 and O1.
Ethics and consent
This study was approved by the East London and the City Research Ethics Committee
09/H0703/97 and by the Clinical Research Ethics Committees of the Cork Teaching
Hospitals. Written informed consent was obtained from at least one parent of each neonate
who participated in the study.
Seizure analysis
All seizures were annotated on the original EEG file by an expert electrophysiologist (SM) to
generate seizure event files for each recording as the ‘gold standard’ for seizure detection.
The seizure annotations of SM were used for comparison with the SDA annotations. To
verify the validity of seizure annotations by SM a random sample of 15/35 (42.85%)
recordings with seizures were also annotated by GB and compared for inter-rater reliability
using Cohen’s Kappa Index.
Automated seizure detection
A detailed description of the seizure detection algorithm is discussed in section 1.6.5. The
output of the algorithm is a graph of the probability of seizure. The sensitivity threshold can
be adjusted from 0.1 (highest sensitivity) to 0.9 (lowest sensitivity). All EEGs were analysed
by the algorithm and text files for detections at all sensitivity thresholds were exported.
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Early seizure detection and false detections
To determine the performance of ANSeR in the early detection of seizures, export files from
ANSeR were compared with the manually annotated files for the 35 babies with seizures; we
identified where in the evolution of manually annotated seizures the 1st true positive (TP)
ANSeR detection occurred, for all sensitivity thresholds. We then examined:
1. The potential for inappropriate treatment before the first true positive ANSeR detected
seizure: the number of ANSeR false detections prior to the first TP detection was
calculated for all sensitivity thresholds.
2. Whether babies without seizures might be incorrectly treated: the number of false
detections was calculated for each non seizure baby, for all sensitivity thresholds

Comparison of actual vs estimated AED treatment times using ANSeR
For the babies included, the actual time to first treatment (actualTTFT) was calculated as the
time from the first manually identified EEG seizure until drug administration time. The
assumption here is that the drug was given as a result of detection of one or more seizures
on the EEG at the time of recording. An estimated time to first treatment (estimatedTTFT), if
ANSeR had been used, was calculated as the time from first EEG seizure (human detected)
until the first true positive ANSeR detection plus an estimated 30 minute drug preparation
time. The drug preparation time was decided after discussion with clinical staff and
considered to be a fair estimate of the time commonly taken from seizure identification to
drug administration on the neonatal unit.
Statistical analysis
Data are expressed as median (IQR). Differences between actualTTFT and estimatedTTFT
were investigated using the Wilcoxon Signed Rank test. All statistical analyses were
performed using IBM SPSS Statistics, version 20.0. A p-value < 0.05 was considered to be
statistically significant.
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5.4 Results
Patient demographics
The 70 term babies (35 with seizures, 35 seizure free) with a median GA of 40 (39-41) weeks
from study 1 constituted our database. Patient demographics are shown in table 8 (chapter
2). Eighteen of 35 babies with seizures had a first dose of phenobarbitone (the first AED in
all cases) given after the onset of the EEG recording. Seventeen of 35 babies who either
received their first AED prior to the onset of the EEG (15 babies) or did not receive any AEDs
(2 babies) were excluded from this part of the study.
Early seizure detection and false detections
Figure 74a shows how the percentage of babies with the first EEG seizure detected by
ANSeR changes with sensitivity threshold. As expected, first seizure detection at low
threshold (high sensitivity) is high and progressively falls as the algorithm is desensitized.
Figure 74b shows how the median EEG seizure number at which ANSeR makes its first TP
detection varies with sensitivity threshold. Up to threshold 0.5 the median seizure number
at first detection is 1, i.e. the first EEG seizure. NOTE: Values were calculated only for babies
in which one or more seizures were detected, the number of babies with any seizures
detected falls with increased sensitivity threshold (see table 23).
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Fig 74. Early seizure detection. A) % of babies with 1st seizure detected vs sensitivity threshold, B)
median EEG seizure number at 1st ANSeR true positive detection vs sensitivity threshold.

Figure 75a shows how the percentage of babies with any false detections before the first TP
ANSeR detection changes with sensitivity threshold. Figure 75b show how the median
number of false detections varies with sensitivity threshold. The graphs indicate that even at
low sensitivity thresholds there will be some babies with false detection prior to the first TP
detection, and therefore at risk of incorrect early treatment. However the median number
of false detections falls rapidly to zero by threshold 0.3 indicating the number of false
detections incurred at and above this threshold should be low.
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Fig 75. False detections before first true positive detection. A) % of babies with false detection
before first true positive ANSeR detection vs sensitivity threshold, B) False detections before first
true positive ANSeR detection vs sensitivity threshold.

Figure 76a shows how the percentage of non seizure babies (n=35) with one or more false
detection in any part of the record varies with sensitivity threshold and indicates the
number of babies with no seizures that were ‘at risk’ of being treated incorrectly with AEDs.
As expected the graph shows a similar trend to figure 75a with progressively decreasing
values as the sensitivity threshold is increased. The median values of the number of false
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detections (figure 76b) rapidly falls to zero by threshold 0.5 indicating that few false
detections should be incurred at and above this threshold.

% o f n o n -s e iz u r e b a b ie s w ith fa ls e
d e t e c t io n s ( a n y ) v s s e n s it iv it y t h r e s h o ld
100

% o f n o n -s e iz u re b a b ie s
% o f b a b ie s

w ith fa ls e d e te c tio n s
(n = 3 5 )
50

0
0 .1

0 .2

0 .3

0 .4

0 .5

0 .6

0 .7

0 .8

0 .9

S e n s itiv ity th re s h o ld

A
M e d ia n ( IQ R ) n u m b e r o f f a ls e d e te c t io n s in

N u m b e r o f f a ls e d e t e c tio n s

n o n - s e iz u r e b a b ie s v s s e n s it iv it y t h r e s h o ld
250

M e d ia n (IQ R ) n u m b e r o f

200

fa ls e d e te c tio n s in
n o n -s e iz u re b a b ie s

150

100

50

0
0 .1

0 .2

0 .3

0 .4

0 .5

0 .6

0 .7

0 .8

0 .9

S e n s itiv ity th re s h o ld

B
Fig 76. False detections in babies without seizures. a) % of babies without seizures with false
detections vs sensitivity threshold, b) distribution of false detections vs sensitivity threshold.
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Actual vs estimated time to first treatment
The results of the comparison of the actualTTFT with estimatedTTFT using ANSeR are shown
in table 23 and illustrated in figure 77. Significantly shorter treatment times (difference in
medians estimated TTFT-actual TTFT) using ANSeR are seen at threshold 0.1-0.6 (p=0.0010.015) relative to actual treatment times, with a potential median time saving varying from
45 to 16 minutes. At threshold 0.9 the treatment time using ANSeR was significantly worse
(p=0.028).

ANSeR sensitivity
threshold

Number of babies
with seizures
detected (n)

p

Median (IQR)
ATTFT vs ETTFT
(mins)*

Median (IQR) time
difference ETTFT ATTFT (mins)**

0.1

18

0.001

75 (34.75-198.5)
vs 30 (30-30)

-45 (-161 to -5)

0.2

18

0.001

75 (34.75-198.5)
vs 30 (30-30)

-41 (-161 to -5)

0.3

18

0.001

75 (34.75-198.5)
vs 30 (30-38.5)

-41 (-161 to -5)

0.4

17

0.001

68 (34.5-206) vs
30 (30 -43)

-30 (-161 to -5)

0.5

17

0.001

68 (34.5-206) vs
30 (30 -43)

-29 (-161 to -5)

0.6

17

0.015

68 (34.5-206) vs
36 (30 -94)

-16 (-94 to -3)

0.7

17

0.163

68 (34.5-206) vs
41 (31.5 -246)

-10 (-65 to -1)
14 (-5 to 325)
318 (6 to 929)

0.8

14

0.158

45.5 (33.75138.5) vs 191
(31.76-373.25)

0.9

9

0.028

43 (33.5-136.5) vs
351 (82-1620)

* Calculated as median (IQR) of group
** Calculated by subtracting aTTFT from eTTFT for each baby then median (IQR) of group
Table 23. Results of statistical comparison of actualTTFT vs estimatedTTFT. n refers to the number of
babies that had one or more seizures detected at that threshold. At higher thresholds there were
progressively fewer babies with seizures detected and n decreases. Negative values in right hand
column denotes earlier treatment using ANSeR.
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Fig 77. Comparison of actual vs estimated time to first treatment using ANSeR.

5.5 Discussion
The main finding of this analysis is that using ANSeR may result in earlier AED treatment
after the onset of seizures for ANSeR sensitivity thresholds from 0.1 to 0.6. This could
potentially benefit patients as studies (13;14;147) suggest (discussed in 1.5.9) that
aggressive treatment of electrographic seizures may reduce seizure burden and improve
outcome. However in choosing an appropriate sensitivity threshold, the benefits of early
seizure detection and treatment must be offset with the risk of incurring false detections
and treating neonates with AEDs inappropriately as these may be harmful (255;256). While
a sensitivity of 0.1 or 0.2 will detect the first seizure in a very high proportion of babies
facilitating early treatment, the false detection rates at these thresholds are likely to be
preclusive. Similarly at the other end of the scale at thresholds 0.8 or 0.9, where false
detection are very low, the seizure detection rate is poor and would be of limited use.
In the validation study of ANSeR (18) (see study 1, chapter 2) it was proposed that, in terms
of a reasonable trade-off between seizure detection and false detection rates, a clinically
relevant range of ANSeR sensitivity thresholds was 0.5-0.3, giving seizure detection rates of
52.6-75.0% and false detection rates of 0.04-0.36 FD/h respectively (table 11). From the
data presented in the current study, at these sensitivity threshold setting the user may
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expect to achieve reduced drug administration latency with a time saving of between 29
and 41 mins (relative to current practice), with a reasonable balance between early seizure
detection [threshold 0.5 - median (IQR) EEG seizure number at 1st ANSeR TP seizure
detection 1 (1-3), threshold 0.3 - median (IQR) EEG seizure number at 1st ANSeR TP seizure
detection 1 (1-2) ] and early false detections [threshold 0.5 - median (IQR) number of false
detections prior to 1st TP detection 0(0-0.75), threshold 0.3 - median (IQR) number of false
detections prior to 1st TP detection 0(0-3.75)].
In terms of the risk of inappropriate treatment due to false detection, it is important to
stress that ANSeR is a support tool, highlighting only the probability of seizure. In clinical
use, a ‘detection’ should be viewed only as a prompt to check the baby and the EEG, rather
than a categorical statement regarding the presence of seizures. For optimal clinical use, a
degree of knowledge about EEG appearances and in particular the appearances of seizures
and common artefacts is essential. In study 2 of this thesis, seizure features affecting
automated detection were analysed and the main causes of ANSeR false detection were
identified. In the next study in this thesis, training material will be developed aimed at
teaching basic EEG interpretation in order to optimise the practical use of ANSeR. In
practical terms, a number of factors will influence the user’s choice of sensitivity threshold,
but perhaps the most important is the user’s ability to differentiate seizures from artefact.
These are decisions the EEG reviewer would be required to make regardless of whether
ANSeR was used or not.
The value of supporting clinicians with training material to optimize clinical decisions based
on automated seizure detection was demonstrated by the results of a pilot study by
Lawrence et al.(147) testing the clinical utility of another seizure detection algorithm
(RecogniZe) in combination with aEEG/2 channel EEG. The study showed that, after
pretraining, clinicians were highly proficient in differentiating seizures from false detections
and only 1 false detection in 232 recorded lead to incorrect administration of an AED.
A limitation of this study is that the estimatedTTFT (using ANSeR) included an estimated
drug preparation time of 30 minutes which was deemed a reasonable after discussion with
clinicians. If in reality this preparation time is longer or shorter than this time, the potential
time savings using ANSeR reported here would be affected, either negatively or positively. A
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further limitation of the study is that an assumption was made that clinicians would treat on
the basis of the first seizure identified. At times suspect rhythms on the EEG can be subtle
and ambiguous as seizures, such that immediate treatment may not ensue and a more
cautious ‘wait and see’ approach may be used to determine whether seizures become more
obvious with time.
5.6 Conclusion
This study has highlighted an important metric in the assessment of automated seizure
detection which has been not previously been addressed in previous studies, namely how
quickly seizures are detected after onset. The results presented here demonstrate that
ANSeR may perform better than the current clinical practice of periodic EEG review and
suggest a potential to optimize drug treatment regimens, which may in turn lead to reduced
seizure burden and potentially ameliorate a degree of seizure mediated neuronal damage.
To optimize clinical decision making, users should receive training regarding the appearance
of neonatal seizures and common sources of false detection.
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Chapter 6. Study 5. Improving Cotside Clinical Decision Making
Following Automated Detection of Neonatal Seizures
6.1 Introduction
The fact that several artefacts and other rhythmic sources cause ANSeR to make false
detections (see study 2, chapter 3) means that the algorithm cannot be used as a categorical
decision maker regarding the presence of seizures and should only be viewed as a support
tool to alert clinicians to the presence of potential seizures and prompt them to review the
EEG in a timely manner. At the point of review, the clinician will still have to decide whether
what they are looking at is a true seizure or a false detection. Consequently, clinicians may
benefit from training describing the features of both seizures and artefacts and how to
differentiate them. As nurses provide constant and primary care at the cotside, monitoring a
plethora of the physiological parameters of babies under their care, such training is also
likely to be of great interest and value as a second source of opinion in support of clinicians.
6.2 Objective
The objective of this study was to devise a training resource describing the feature of both
seizures and artefacts causing false detections. Two tests were devised requiring
participants to choose whether EEG slides contained seizures or false detections (nonseizures) in order to examine the potential of this training to improve clinical decision
making.
6.3 Methods
EEG database
EEG examples of both seizures and false detections for both the training package and test
examples were taken from a database of recordings from 70 term babies (35 with seizures,
35 seizure free) with various aetiologies recorded from the neonatal units at University
College Hospital, London and University College Hospital, Cork, Ireland between February
2009 and June 2011 as part of a wider validation study (study 1, chapter 2) examining the
performance of the ANSeR algorithm (18). Babies received Video EEG monitoring using the
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10:20 measuring system adapted for neonates using the NicoletOne system (Carefusion,
Wisconsin). Recording electrodes included F4, F3, T4, C4, CZ, C3, T3, O2 and O1.
Training presentation
The training was designed as a 30 minute powerpoint presentation to be given orally to the
test subject by the author. This included definitions of seizures, illustrations of the tendency
of seizures to evolve in amplitude, morphology and propagation, examples of common
sources of false detection and how to identify them, and a decision tree outlining steps to
take once a ‘suspect’ rhythm on the EEG has been identified (fig 78). As there are a number
of other artefacts on the EEG which may not cause false detections but are likely to be
encountered on the neonatal EEG, such as artefacts from the oscillator, ECG, , hiccups,
patting etc, these were included in the training package for completeness. A digital copy of
the training package can be found on the Supporting Digital Documentation CD.
Tests
Two equivalent tests were devised as powerpoint presentations. Each test comprised 34
examples of either true seizures or false detection (17 of each) from the database of EEG
from 70 babies. False detections included examples of respiration, pulsatile, sweat, bad
electrode artefact and highly rhythmic background patterns, all of which had caused false
alarms to ANSeR (beta version) at sensitivity threshold 0.3. An ANSeR threshold of 0.3 was
chosen for detection as this was deemed to be the upper limit of what was likely to be the
range of clinically useful ANSeR thresholds. Once chosen, examples were assigned
randomised positions (1-68) with 1-34 assigned to test 1 and 35-68 assigned to test 2 to
provide equivalence of difficulty. For each example of seizure or false detection, 3
powerpoint slides were included showing the beginning, middle and end of the event. This
was done to illustrate how the event appeared over time, particularly in light of the fact that
seizures tend to evolve in certain feature whereas false detections typically do not.
Examples of test questions are shown in figure 79. 79a shows respiration artefact which can
be determined by comparing the EEG rhythm with the respiration trace to which it is timelocked. 79b shows a seizure evolving in amplitude and morphology with slowing of the
discharge frequency, particularly at the end. A digital copy of the two tests can be found on
the Supporting Digital Documentation CD at the back of this thesis.
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Suspect rhythm detected on EEG

Is it a false detection?
Is it a respiration artefact?


Do the EEG waveforms line up with respiration trace?

Does the waveform ‘behave’ like a
typical seizure?

Is it a pulsatile or ECG artefact?


Do the waveforms line up with the ECG trace?

Do any/all of the following apply to the waveform?

Is it sweat artefact?


Does it evolve in amplitude?

Are there intermittent high amplitude slow waves
spanning several seconds?

Does it evolve in frequency?

Is it an artefact from a bad electrode?




Is the trace erratic at times?
Is the impedance high on the impedance check?
Does 50Hz artefact appear on the trace when you
switch off the Notch filter?

Is there anything happening to the baby on the video
recording suggesting a rhythmic artefact?



Is the baby sucking a dummy?
Is anyone patting, stroking or performing any rhythmic
action on the baby such as physiotherapy?

Is it a highly rhythmic background EEG during intermediate
sleep?


Is there increased amounts of semi-rhythmic
background delta activity which does not tend to
‘evolve’.



eg. Faster at the start and slower at the end

Does the waveform change/evolve in morphology?

NO



eg. Slow waves to spike and wave

Does it spread to other electrodes?
Does it show typical seizure morphologies?




Spike and slow wave
Rhythmic slow waves
Repetitive spikes

Are there any obvious clinical signs of seizures?


eg. Clonic limb jerking

YES
Probable false
detection

NO
Possible seizure,
Seek further
advice

YES
Probable
seizure

Fig 78. Decision tree for differentiating false detections from artefact.
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Fig 79. Example of test questions. A) False detection due to respiration artefact which is identifiable
as the rhythmic EEG pattern is time-locked to the respiration trace at the bottom of the trace, which
can be confirmed with a vertical EEG marker or a straight edge held on the screen. B) A seizure
which is identifiable as it nor correlated with the respiration or pulse channels and shows typical
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seizure behaviour as it is evolving in amplitude, morphology and frequency with marked slowing of
the discharges at the end.

Test subjects and randomisation
Test subjects with a range of experience from novice to extensive (6 months or more) of
neonatal EEG included doctors (consultants, registrars, junior doctors) and senior nurses
(Band 6/7, advanced neonatal nurse practitioners) recruited from the neonatal unit at
University College Hospital, London. Test subjects were initially randomised using a shuffled
sealed envelope method into one of four test/training sequences as shown in figure 80 for
the experimental and control arms. Half the test subjects in each arm performed the test
sequence in the opposite order to control for unplanned differences in difficulty between
the two tests. Each test subject was given 40 minutes to complete a test and a ruler (to
compare respiration or pulsatile artefacts against the respiration trace or ECG trace) but not
told what it was for.

Test subjects

Experimental arm

Control arm

Test 1

Test 2

Test 1

Test 2

Training

Training

Test 2

Test 1

Test 2

Test 1

Training

Training

Fig 80. Study design. Test subject were assigned to 1 of 4 test sequences in the experimental and
control arms.
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Pilot study
In order to estimate the sample size required for the main study, a pilot study was
performed using 10 subjects using the test sequence: Test 1, Training, Test 2. A power
calculation was performed.
Statistical analysis
In the pilot and main study, the difference in test score between first and second test
performed was calculated for each participant. In the main study, differences between the
experimental and control group were investigated using an independent sample T test. All
statistical analyses were performed using IBM SPSS Statistics, version 20.0. A p-value < 0.05
was considered to be statistically significant.

6.4 Results
Pilot study and power calculation
The results of the pilot study are shown in table 24 and illustrated in figure 81. Test scores
improved in 9/10 test subjects after training with an average increase of 7.94% (SD=7.08).
Of those that improved, the largest improvement was 20.59% and the smallest
improvement was 5.88%. On reflection it was decided that the subjects recruited in the
main study may contain a higher proportion of novice subjects and the study was powered
to detect a 10% increase in scores after training. To detect a 10 point difference between
the two arms, using an independent sample T test, assuming a standard deviation of 10,
with a power of 80%, a level of significance of 0.05 and a 2 tailed test, 17 participants per
arm were required (total 34). The number was rounded up to 18 subjects per arm (total 36)
to give equal numbers (9) in each of the 4 test sequence groups.
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subject
1
2
3
4
5
6
7
8
9
10

Test 1 (%)
30/34 (88.24)
24/34 (70.59)
26/34 (76.47)
25/34 (73.53)
26/34 (76.47)
30/34 (88.24)
31/34 (91.18)
28/34 (82.35)
29/34 (85.29)
31/34 (91.18)

Test 2 (%) Difference %
33/34 (97.06)
8.82
31/34 (91.18)
20.59
28/34 (82.35)
5.88
23/34 (67.65)
-5.88
31/34 (91.18)
14.71
31/34 (91.18)
2.94
33/34 (97.06)
5.88
32/34 (94.12)
11.76
32/34 (94.12)
8.82
33/34 (97.06)
5.88

Table 24. Test results of the pilot study.
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Fig 81. Test results of the pilot study.

Main study
The test results of the experimental and control groups are summarized in table 25 and
illustrated in figure 82. The experimental group showed a mean increase in test score of
8.33% (SD=8.98%) while the control group showed a mean decrease in score of -0.49%
(SD=8.81%). Statistical analysis revealed a significant difference in the difference between
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tests between the two groups (p=0.005), indicating that training improves short-term
performance.
There was a slight trend for subjects in both the experimental group and the control group
to show more improvement when the test sequence was test 1, test 2 rather than test 2,
test 1 (mean improvement experimental group T1,TR,T2 = 10.13% vs mean improvement
experimental group T2,TR,T1 = 6.54%. Mean improvement control group T1,TR,T2 = 1.63%
vs mean improvement control group T2,T1,TR = -2.61%), suggesting test 1 might have been
a harder test than test 2, however differences between the subgroup scores in the
experimental group (p=0.413) and between the subgroups in the control group (p=0.322)
were not significant.
Experimental group
Subject
1
2
3
4
5
6
7
8
9

10
11
12
13
14
15
16
17
18

Test seq
T1 TR T2
T1 TR T2
T1 TR T2
T1 TR T2
T1 TR T2
T1 TR T2
T1 TR T2
T1 TR T2
T1 TR T2

T2 TR T1
T2 TR T1
T2 TR T1
T2 TR T1
T2 TR T1
T2 TR T1
T2 TR T1
T2 TR T1
T2 TR T1

Control Group

Post
SD
SD
JD
SN
SD
SD
JD
SD
SD

T1 score
(%)
88.24
85.29
47.06
76.47
79.41
82.35
79.41
79.41
94.12

T2 score
(%)
94.12
88.24
70.59
82.35
91.18
94.12
97.06
94.12
91.18

% change
5.88
2.94
23.53
5.88
11.76
11.76
17.65
14.71
-2.94

Subgroup
mean

79.08

89.22

10.13

SN
JD
SN
SN
SN
SD
JD
SD
JD

T2 score
(%)
67.65
67.65
85.29
38.24
82.35
88.24
79.41
79.41
91.18

T1 score
(%)
64.71
67.65
85.29
61.76
94.12
91.18
94.12
94.12
85.29

% change
-2.94
0.00
0.00
23.53
11.76
2.94
14.71
14.71
-5.88

Subgroup
mean

75.49

82.03

6.54

Subgroup
mean

74.84

72.22

-2.61

Experimental
group Mean

77.29

85.62

8.33

Control
group Mean

73.37

72.88

-0.49

Subject
19
20
21
22
23
24
25
26
27

Test seq
T1 T2 TR
T1 T2 TR
T1 T2 TR
T1 T2 TR
T1 T2 TR
T1 T2 TR
T1 T2 TR
T1 T2 TR
T1 T2 TR

Post
JD
SN
SN
JD
SN
SN
SN
SD
SD
Subgroup
mean

28
29
30
31
32
33
34
35
36

T2 T1 TR
T2 T1 TR
T2 T1 TR
T2 T1 TR
T2 T1 TR
T2 T1 TR
T2 T1 TR
T2 T1 TR
T2 T1 TR

SN
SN
SD
SD
JD
SD
JD
SD
SN

T1 score (%) T2 score (%)
76.47
76.47
61.76
47.06
58.82
70.59
79.41
88.24
73.53
88.24
67.65
61.76
58.82
61.76
85.29
91.18
85.29
76.47
71.90

73.53

T2 score (%) T1 score (%)
64.71
58.82
85.29
76.47
85.29
82.35
64.71
67.65
94.12
76.47
52.94
50.00
61.76
67.65
100.00
100.00
64.71
70.59

% change
0.00
-14.71
11.76
8.82
14.71
-5.88
2.94
5.88
-8.82
1.63

% change
-5.88
-8.82
-2.94
2.94
-17.65
-2.94
5.88
0.00
5.88

Table 25.Test results of experimental and control groups. T1 = test 1, T2 = test 2, TR = training, SD =
senior doctor (consultant/registrar), JD = junior doctor, SN = senior nurse.
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Fig 82. Graphs showing test scores for experimental and control groups.
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Separating the data on the basis of job title which gives a rough indicator of experience with
EEG into an experienced group (consultants/registrars) and less experienced group (Junior
doctors/senior nurses), indicates that consultants/registrars tend to achieve higher scores
(fig 83a/b) on the tests than junior doctors and nurses (fig 83c/d) which are more variable.
For example, in the first test, without any training, senior doctors in both experimental and
control group achieved a mean score of 82.14% (SD=11.62%) as opposed to a mean score of
70.99% (SD=13.77%) for junior doctors and nurses.
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Fig 83. Test results on the basis of job description.

The percentage of seizure or false detection questions correctly answered by the control
group before training (2 tests) and the experimental group before (1 test) and after training
(1 test) is shown in table 26 and illustrated in figure 84. In terms of identifying seizures, the
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experimental group performed better than the control group before training but showed no
improvement in identifying seizures after training. In terms of correctly identifying false
detections, the control group and experimental group showed similar performance before
training but the experimental group showed a large improvement of 21% after training. This
shows that the overall improvement in test scores in the experimental group was solely due
to an improvement in identifying false detections.

Control
group
before
training (%)

Experimental Experimental
group before group after
training (%)
training (%)

Seizures
correctly
identified

461/612
(75.33)

255/306
(83.33)

242/306
(79.08)

False
detections
correctly
identified

434/612
(70.92)

218/306
(71.24)

282/306
(92.16)

Table 26. Performance of control and experimental group to identify seizures vs false detections.

C o r r e c t ly id e n f ie d s e iz u r e s
a n d f a ls e d e t e c t io n s
C o r r e c t ly id e n t if ie d ( % )
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Fig 84. The percentage of correctly identified seizures and false detections for the control and
experimental group. Cont Gp control group, Exp Gp experimental group.
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Examples of poorly identified seizures are shown in figure 85. 85a (question 6) shows a
somewhat arrhythmic seizure appearing on one EEG channel, this seizure was only correctly
identified 44% of the time by the experimental group before training. Fig 85b (question 47)
similarly shows a poorly organised subtle seizure with some arrhythmia, this seizure was
detected 55% of the time by this group. 85c (question 59) shows a seizure on several
channels but with a similar frequency to the ECG trace raising the possibility that it was
misidentified as an ECG artefact, this seizure was also only identified correctly 44% of the
time by this group.

A

227

B

C
Fig 85. Examples of poorly identified seizures.
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A breakdown of the rates of identification of the different types of false detections included
in the tests for the control group before training (2 tests) and the experimental group before
(1 test) and after training (1 test) is shown in table 27 and illustrated in figure 86. Overall the
rates of correct identification of the different false detection types were similar between the
control group and experimental group before training, as one would expect. The poorest
identification was for ‘bad electrode’ artefact (fig 87) and ‘respiration’ artefact (fig 79a) in
both groups. After training the experimental group improved identification of all types of
artefact above 90%.

Control
group before
training (%)

Experimental
group before
training (%)

Experimental
group after
training (%)

FDs due to pulse
artefact correctly
identified

45/54
(83.33)

20/27
(74.07)

27/27
(100)

FDs due to rhythmic
background correctly
identified

177/234
(75.64)

90/117
(76.92)

107/117
(91.45)

FDs due to bad
electrode artefact
correctly identified

33/54
(61.11)

16/27
(59.26)

25/27
(92.59)

FDs due to respiration
artefact correctly
identified

110/180
(61.11)

52/90
(57.78)

81/90
(90)

FDs due to sweat
artefact correctly
identified

69/90
(76.67)

40/45
(88.89)

42/45
(93.33)

Table 27. Proportion of false detection due to different types of artefact correctly identified by
groups.
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Fig 86. Graph of proportion of false detection due to different types of artefact correctly identified
by groups.
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B
Fig 87. Artefact due to a poorly connected ‘bad’ electrode. A) A poor electrode contact at electrode
C4 causes a rhythmic artefact on the 4 channels incorporating C4. B) Same section of EEG as A but
the 50Hz notch filter has been switched off to reveal an additional overlying 50Hz artefact
(thickening of the trace) due to poor electrode impedance/contact. Switching off the notch filter can
be used to identify a poor electrode contact.

6.5 Discussion
The aim of this study was to devise a structured training resource for end-users of ANSeR,
intended to improve their ability to differentiate seizures from seizure-like artefacts and
background rhythms. The value of such training is of course not limited to ANSeR users and
is applicable to any clinical staff attending and reviewing cotside neonatal EEG, as these
artefacts and waveforms will be incurred on any EEG and require interpretation.
The results of the study show that training does statistically improve overall performance to
discriminate seizures from false detections. The mean increase of 8.33% in performance in
the experimental group might be considered a small increase. This will be likely due, in part
at least, to the fact that many of our more senior clinical team scored quite highly in tests
without any training at all (senior doctors in both experimental and control group achieved
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a mean score of 82.14% in the first test performed), having amassed considerable
experience with EEG monitoring which has been present on the unit since 2009. It is likely
that a greater improvement in test scores would have been achieved in a unit more naïve to
EEG. It is also important to note that although a cross section of clinical staff, including less
experienced doctors and nurses have been included in this test subject cohort, it is
ultimately the senior consultants and registrars that will constitute the actual decision
makers at the cotside in the absence of a neurophysiologist.
While the identification of seizure did not improve, the ability to identify seizure-like
artefacts and background rhythms improved markedly. One might rightfully ask why the
identification of seizures did not improve. The seizure examples included in the test were
designed to reflect a cross-section of those present in the data. As such, some were more
obvious as seizures, fulfilling most or all of the evolving characteristics described in section
1.4.2, however neonatal seizures are highly heterogeneous and can be very subtle and obey
few of the typical characteristics often seen, consequently a number of the seizure
examples in the test were quite ambiguous and difficult, regardless of training, leading to a
number of incorrect answers.
In terms of clinician’s general ability to identify seizures, it must also be remembered that
the seizure examples (and false detections) included in the tests were somewhat taken out
of context, in that only 3 slides were provided of the start, middle and end of the event,
rather than the continuous trace which would normally be available for review. Similarly,
test subjects were not privy to the ‘natural history’ of the preceding EEG prior to the seizure
example given. It was shown in study 3 of this thesis that seizures prior to AED medication
tend to have higher amplitude and propagation than those after AEDs which tend to be
more subtle. It may be that clinicians may be more likely to diagnose subtle post AED
seizure as seizures with the knowledge that there have been more definitive seizures on the
record prior to AED administration.
The improvement seen in the identification of false detections to over 90% is encouraging
and probably due to the fact that some of the non-seizure rhythms at least, can be
identified by adhering to a few simple rules. Respiration artefact, for example was identified
in the experimental group only 58% of the time prior to training, probably because these
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rhythms are very similar to seizure rhythms (compare the rhythmic artefact in figure 79a
with the start of the seizure in 79b). After instruction that this artefact is always
synchronised to the respiration trace and can be checked with a ruler, this group identified
this artefact correctly on 90% of occasions. Considering respiration artefact contributes the
highest proportion of false detections of any source (see study 2, chapter 3), knowledge of
this simple rule may prevent potentially harmful AEDS (257) being administered
erroneously. This is particularly important in the light of the fact that AED treatment will
have no effect on respiration artefact with the risk of repeated treatment. Similarly pulsatile
artefact can be identified by comparing the EEG rhythm to the ECG trace (fig 18), sweat
artefact has very characteristic high amplitude slow waves unlike any seizure (fig 18), and
‘bad electrode’ artefact can be determined by switching off the notch filter (fig 87) to reveal
additional 50Hz artefact resulting from poor electrode impedance. Scores of over 90% in
correctly identifying each of the forms of false detection suggests firstly that clinical staff
will be proficient at identifying all forms of false detection after training, as found by
Lawrence et al. when performing a clinical evaluation of the RecogniZe seizure detection
algorithm (147), and secondly that no particular type of false detection should cause
additional difficulty. Due to the inherent difficulty in identifying some subtle seizures and
the relatively simpler rule based identification of artefact driven false detection, it is
prudent when confronted with a suspect rhythm on the EEG, to first attempt to rule out the
possibility of false detection by going through a checklist, as outlined in the decision tree in
figure 78 before deciding whether the rhythm ‘looks’ like a seizure, which is far more
subjective and experience based.
There are limitations to this study relating to both short and long term memory retention.
For each test participant, the process involved two 40 minute tests plus a 30 minute one-toone training session and often a further 15 minute session to go through the results of the
test. For the control subjects this was added to the end of the training session, for the
experimental group this involved a further session after the second test had been
performed. As these test and training sessions were performed within work hours, they had
to be arranged around the subjects clinical workloads which are often highly demanding and
variable, therefore the various components of the study were performed on separate
occasions. For the experimental group, the time between training and performing the
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second test could be quite variable with no delay for some and a delay of several days for
others. Consequently there was a potential variable in terms of short term retention of the
training material which may have affected scores. Additionally, only short term retention
was being tested here. Ideally, one would want to retest the experimental group some
months later to determine whether the same improvements in test score persisted. As
many of the junior doctors taking part were on a 6 month training rotation, this was
deemed practically problematic. A further limitation of this study is that only a subset of
identified causes of false detection were tested. It may be that novel artefacts may also
cause false detections in future, due to novel cotside equipment for example. Additionally
there are a number of manipulations of the baby such patting, stroking or rhythmic
physiotherapy that may cause a rhythmic EEG artefact but were not included in the test as
they did not cause false detections at the threshold selected. It is possible that if more
pronounced, these artefacts may cause false detections in future and were discussed in the
training material for this reason. The video is crucial in identifying the cause of these
artefacts.
The ANSeR algorithm is now well advanced in its development and entering a phase where
its clinical utility will be tested in a live clinical trial at multiple sites across Europe (the
ANSeR study– Algorithm for Neonatal Seizure Recognition
https://clinicaltrials.gov/ct2/show/NCT02431780). Subsequent to this the intention is for
the algorithm to be licensed as a clinical tool. Automated seizure detection is a complex task
and no algorithm to date, including ANSeR, has achieved the ultimate goal of 100% seizure
detection with zero false alarms. Due to this fact it is important for users not only to be
aware of the limitations of the tool they are using but also be provided with information as
to how to optimise the output of ANSeR in a clinical situation. Consequently, training
material such as that provided in this study should be made available to users.

6.6 Conclusion
This study has produced an educational resource to support our seizure detection algorithm
and shown that its use improves the ability of clinical staff to discriminate seizures from
false detections which should translate to improved decision making at the cotside.
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Chapter 7: Concluding remarks and future studies
7.1 Introduction
Detecting neonatal seizures in the context of increasing use of long term monitoring, or
telemetry, is challenging and there is a clear requirement for automated methods of
detection. Several attempts have been made to design SDAs specific to neonatal EEG. Only
two algorithms are commercially available, the ‘Gotman’ algorithm, only available in the
‘BrainZ’ (Natus Medical, USA) aEEG monitor and the ‘RecogniZe’ algorithm of Navikatikyan,
which is only incorporated in the Stellate (Natus Medical, USA) EEG system. Thus there is no
system that has been broadly accepted for widespread neonatal EEG monitoring.
The final endpoint of the development of the ANSeR algorithm is to achieve a product
license in order to facilitate incorporation of the algorithm into commercially available EEG
monitoring devices, in which it will act as a clinical support tool to aid clinicians in the
identification of neonatal seizures. Basic performance metrics by engineers gives valuable
but limited information regarding performance.

This thesis has sought to examine the performance of ANSeR from a neurophysiological and
clinical perspective, firstly by validating its performance on a large, previously unseen EEG
data set and then to examine areas for strategic improvement and inform users of the
strengths and weaknesses of this potentially valuable clinical tool. An understanding of the
strengths and weaknesses of the algorithm is important in the process of integrating the
algorithm into clinical practice, such that it is neither under-used nor over-interpreted. This
research therefore represents part of the translation of the algorithm from ‘lab’ to clinical
environment.

I/we set out to answer the following specific questions:
1) ‘Does ANSeR achieve sufficient performance for clinical utility on a large, unedited,
previously unseen validation data set of EEGs from 2 institutions?’. This question was
addressed in chapter 2, study 1: ‘Validation of an automated seizure detection
algorithm for term neonates’.
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2) What are the characteristics of seizures affecting automated detection by ANSeR and
what are the main causes of false detection?
These questions were addressed in chapter 3, study 2: ‘In-depth performance
analysis of a novel seizure detection algorithm for neonatal EEG’.
3) Does phenobarbitone, a first line anticonvulsant, affect the characteristics of
refractory neonatal seizures and if so, do these changes affect the seizure detection
performance of ANSeR?
These questions were addressed in chapter 4, study 3: ‘Phenobarbitone reduces EEG
amplitude and propagation of neonatal seizures but does not alter performance of
automated seizure detection’.
4) How well does ANSeR perform in detecting the onset of seizures and will use of
ANSeR lead to faster antiepileptic treatment compared to current practice?
These questions were addressed in chapter 5, study 4: ‘Early seizure detection
performance of a novel automated seizure detection algorithm for neonatal EEG
should lead to earlier antiepileptic drug treatment’.
5) Will a training resource improve the ability of clinical staff (ANSeR users) to
differentiate between true seizures and common sources of ANSeR false detection?
This question was addressed in chapter 6, study 5: ‘Improving cotside clinical
decision making following automated detection of neonatal seizures’.

In this chapter each study will be discussed in terms of the empirical findings, relationship
with previous research and implications of findings, limitations of the study,
recommendations for future studies and final concluding remarks.

7.2 Empirical findings
With regard to the first question posed in this thesis: ‘Does ANSeR achieve sufficient
performance for clinical utility on a large, unedited, previously unseen validation data set of
EEGs from 2 institutions?’, we analysed both time and event based metrics across all ANSeR
thresholds and determined that a range of ANSeR thresholds between 0.5 and 0.3 gave
suitable performance for clinical utility with a SDR range between 52.6 and 75.0% and FD
rates between 0.04-0.36 FD/h. While the trade-off between seizure detection and false
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detection rates is somewhat user dependent, this range was proposed on the perceived
basis that a seizure detection rate of at least 50% would be expected and that a false
detection rate above 0.5 FD/h might be considered excessive. The time based analysis using
Cohen’s Kappa index indicated a best performing threshold of 0.4 for correctly identifying
the greatest amount of seizure and non-seizure EEG. We also showed that seizure detection
performance of ANSeR was affected by seizure duration, with higher detection rates for
longer duration seizures. For the ‘global metric’ of correctly identifying seizure (any seizure
detected) and non-seizure (no false detection) neonates a best performing ANSeR threshold
of 0.8 was slightly inferior to clinical performance based on whether neonates were treated
with AED. It was also shown that ANSeR may have some clinical utility in supporting clinical
decisions regarding AED administration.

In terms of the second question posed in this thesis: ‘What are the characteristics of seizures
the ANSeR detects or does not detect and what are the main causes of false detection?’, the
main findings in terms of seizure detection in study 2 were that an increase in 4 seizure
features, seizure amplitude, duration, rhythmicity and the number of EEG channels involved
at the peak of seizure, were predictors of increased automated seizure detection. Previous
studies (7;18) have shown that ANSeR only detects a proportion of seizures but the
evidence presented in study 2 provides the user with information about the type of seizures
the algorithm may miss, and those it is likely reliably to detect. It should be reiterated that
clinicians will have ANSeR seizure probability trend at their disposal, enabling them to
interrogate the EEG at times of probabilities that do not breach the ANSeR threshold chosen
at that time. While these sub-threshold peaks will not trigger an alarm and evoke an instant
response, when reviewing the EEG these peaks can be used a starting point and are likely to
result in more rapid identification of subtle seizure than having to scroll through whole
record page by page. In clinical use, it will be possible to amend the threshold in an
individual baby so that if it is clear that the best seizure detection is achieved at a lower
threshold than the one usually chosen, an individualised threshold can be set.

In terms of the analysis of false detections, study 2 highlighted the most common causes of
false detection as respiration and pulse artefact and a highly rhythmic background EEG
pattern amongst other less frequent causes. An awareness of the causes of false detections
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is essential for users to correctly interpret the output of ANSeR, hence many of these
examples of false detection were used to formulate the teaching and test material in study
5. In addition, the finding that many false detections from common sources occurred over
protracted periods, led to the modification of the design of the algorithm which in turn
resulted in improved performance (252).

The third question of this thesis: Does phenobarbitone, a first line anticonvulsant, affect the
characteristics of refractory neonatal seizures and if so, do these changes affect the seizure
detection performance of ANSeR?, was addressed in study 3 which was intended to
determine how the algorithm might perform in a ‘real world’ situation where neonates with
seizures are treated with anticonvulsants.

Having established a set of criteria in study 2 to characterise seizures, these criteria were
used to analyse seizures before and after phenobarbitone administration in study 3, finding
that post-phenobarbitone seizures were both of lower amplitude and propagated less than
pre-phenobarbitone seizures, but that the seizure detection performance of the algorithm
was unaffected. The finding that phenobarbitone did reduced seizure amplitude and
propagation but did not significantly reduce ANSeR performance is slightly at odds with
study 2 where seizure amplitude and propagation were independent determinants of
automated detection. As stated, it is possible that the seizures analysed in study 2, which
included a proportion after additional medications such as phenytoin and midazolam, were
reduced further in amplitude and propagation below a threshold for ANSeR detection than
those analysed here which were solely influenced by phenobarbitone.
While study 3 suggests that ANSeR performance is robust to the effects of phenobarbitone
on seizures and no adjustments of the algorithms sensitivity threshold should be required, it
suggests that this robustness should not necessarily be extrapolated to seizure detection
after 2nd line anticonvulsants.

The fourth question of this thesis: ‘How well does ANSeR perform in detecting the onset of
seizures and will use of ANSeR lead to faster antiepileptic treatment compared to current
practice?’ is addressed in study 4 which showed that the use of ANSeR should result in a
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statistically reduced latency to treatment compared to the current practice of periodic EEG
review. Statistically reduced latency to treatment was seen at ANSeR sensitivity thresholds
0.1 to 0.6 with a median reduction in treatment latency of 45 to 16 minutes respectively.
While ANSeR sensitivity thresholds at the extremities of this range may not be clinically
useful due to high false detection rates at the most sensitive setting and low seizure
detection rate at the least sensitive, within the clinically relevant range of ANSeR thresholds
of 0.5-0.3 described above, this study showed that ANSeR users can expect to reduce the
latency of treatment between a median (IQR) of -41 (-161 to -5) minutes at threshold 0.3
and -29 (-161 to -5) minutes at threshold 0.5, which is a considerable improvement in
treatment time relative to current practise.

The final question of this thesis: Will a training resource improve the ability of clinical staff
(ANSeR users) to differentiate between true seizures and common sources of ANSeR false
detection?, was addressed in study 5 and showed that training does indeed produce
increased ability to discriminate seizures from false detection with the group receiving
training performing nearly 9% better than the untrained group, with the main improvement
due to increased ability to correctly identify false detections.

7.3 Relationship with previous research and implications of findings
In study 1, ANSeR performance on the unseen validation set from two institutions was
compared to previous performance of ANSeR by Temko (11) which had used a data set from
only one institution and a LOO cross validation methodology, whereby the algorithm was
both trained and tested on the same dataset. The performance of ANSeR on the validation
data set was slightly superior to that of the LOO study suggesting robust performance on
data from more than one source and on a dataset considered representative of ‘typical’ EEG
that ANSeR is likely to encounter in a future clinical scenario.

ANSeR performance in the validation study was also compared to ‘key’ algorithms of other
groups. The algorithms of Gotman (223) and the RecogniZe algorithm of Navakatikyan (229)
are already commercially available, while the algorithm of Deburchgreave (116) is at an
advanced stage of development. ANSeR performed well compared to these algorithms.
Gotman (225) reported a SDR of 66% with a FD rate of 2.3FD/h while ANSeR achieved a
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higher SDR of 75% with a lower FD rate of 0.4 FD/h at threshold 0.3 For the RecogniZe
algorithm, Lawrence reported a SDR of 55% with a FD rate of 0.1 FD/h, while ANSeR
performance at threshold 0.5 achieved a slightly lower SDR of 53% but with a much lower
FD rate of 0.04. Similarly, in a validation of the Deburchgraeve algorithm, Cherian (118)
reported a SDR of 66% with a FD rate of 0.58 FD/h, while at a threshold of 0.4 ANSeR
achieved a slightly lower SDR of 64% but again with a lower FD rate of 0.12 FD/h.
In study 2 it was recognized that a comprehensive set of criteria had to be devised to
manually assess seizures. The selected set of criteria drew and adapted certain features
from others such as Patrizi et al. (114) for describing seizure morphology and from Pressler
et al.(84) to score the background EEG activity, whilst introducing several novel criteria.
Researchers may assess seizures for different purposes which will guide the set of features
analysed; for example the set of criteria compiled for study 2 were specifically tailored to
assess criteria which were deemed pertinent to automated seizure detection. Researchers
such as Pisani (117) sought to examine the features of seizures as predictors of outcome and
found that the proportion of seizure burden per hour (the ‘ictal fraction’) was critical.
Watenabe (122) sought to correlate ictal patterns with clinical manifestations and
consequently included various polygraphic measurements such as ECG, respiration, EOG and
EMG as well as careful clinical observation from video evidence. Other authors such as
Patrizi (114), sought to correlate the features of seizures with aetiology and examined the
site of seizure origin as one of their features. For assessment of the seizure algorithm,
assuming sufficient coverage of the head with electrodes and equal weighting of different
sites to seizure detection output, the site of seizure origin is unimportant, but what may
potentially affect seizure detection is the propagation of the seizure across the brain which
can be roughly quantified by counting the number of EEG channels involved in the seizure at
start and peak. Similarly as one feature of the EEG extracted by the algorithm is a
quantification of autoregression (how one segment of EEG compares to the previous),
quantification of characteristics of rhythmicity from second to second, frequency and
morphology change over the course of the seizure, are relevant.

As stated in section 1.6.4, authors of other SDA performance analysis papers
(7;10;18;116;229;231) give only anecdotal, descriptive or semi-quantitative evidence of
missed seizures and causes of false detection. There were some common findings between
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study 2 and these previous papers such as the finding that non-detected seizures tend to be
short, low amplitude, less rhythmic and more focal, and that artefacts such as respiration
artefact are a frequent cause of false detection, however study 2 extends these findings by
providing a more quantitative approach and a benchmark or starting point for future
papers.

Study 3 adds to the scientific literature in a number of ways. Firstly there are no studies that
describe the effects of phenobarbitone on the morphology of neonatal seizures that persist
after treatment. Existing studies focus on the efficacy of phenobarbitone to abolish seizures
(196;198;218). While clinicians are likely to have observed in many cases that
phenobarbitone reduces the amplitude and propagation of seizures, this has not been
explicitly stated and it is important to recognise as seizures post phenobarbitone
administration are likely to be more difficult to identify and increased scrutiny of the EEG
may be required.

In addition, the question of whether phenobarbitone affects automated seizure detection
has not been addressed in performance analysis studies of previous SDAs (see section
1.6.4). This is an important consideration for users of SDAs in general, as, if SDA
performance were reduced by phenobarbitone and clinicians were over-reliant on the SDA
and not fully reviewing the EEG, seizures may be missed. Study 3 should provide
reassurance to clinicians that the ANSeR algorithm is, at least, robust to the effects of
phenobarbitone on seizures.

The results of study 3 may also contribute to the understanding of electroclinical
uncoupling. The primary existing hypothesis for electroclinical uncoupling has been
proposed by Glykys et al. (217) which suggests electroclinical uncoupling is dependent on a
differential responses to phenobarbitone between cortical and subcortical regions (see
sections 1.5.14) and predicts that phenobarbitone acts to suppress seizures subcortically
while having either no effect, or potentially exacerbating seizures, in the cortex. The finding
in study 3 that phenobarbitone reduces seizure amplitude and propagation in the cortex
does not support the cortical aspect of the Glykys model, but instead suggests either that
seizures reduced in amplitude and propagation (less neuronal recruitment) by
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phenobarbitone may simply have insufficient drive to subcortical regions to initiate clinical
manifestations of seizures, and/or there is potentially less involvement of the motor strip.
These findings should provide a degree of reassurance for clinicians, in that clinicians would
have serious reservations about administering phenobarbitone if there were evidence that
it exacerbated cortical seizures, as suggested by the Glykys model.

Study 4 adds to the body of scientific literature in that no previous SDA performance
analysis studies (discussed in section 1.6.4) have addressed the questions of how well their
algorithms detect early seizures or whether the use of their algorithms would potentially
reduce the latency of anticonvulsant treatment after onset of seizures, compared to the
alternative of periodic EEG review. Prompt detection of the onset of seizures is a key
requirement for any seizure detection algorithm, as the current paradigm, although not
proven categorically, is that seizures cause additional neuronal damage, such that clinicians
are keen to treat seizures as soon as possible to minimise seizure burden. This form of
analysis should be considered as a strategic part of future SDA performance analysis papers.
In study 5, a training resource with a decision tree was designed to assist clinical staff in
differentiating true seizures from seizure-like artefacts. This is valuable to clinical staff as a
resource firstly as ANSeR users (as these artefacts caused false detections) and to clinical
staff in general who are reviewing EEG as decisions on the nature of EEG rhythms will have
to be made, regardless of whether ANSeR is running.

There is an array of books on neonatal EEG and seizures, many of which give good examples
of seizures and potential artefacts affecting the recording, however these do not necessarily
give a means to identify these artefacts or a systematic approach, such as the decision tree
provided in study 5. This is also true of studies of performance analyses for previous SDAs,
as discussed in section 1.6.4. This decision tree stresses the importance of considering the
possibility that a suspect EEG rhythm is an artefact and taking a stepwise approach to ruling
out or confirming this possibility. This approach is crucial in minimising false administration
of AEDs.
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Although Lawrence and colleagues (147) stated that some training was given regarding
sources of false detection to clinician prior to a clinical trial of the RecogniZe SDA of
Navakatikyan, they provide no description or outline of this training.

7.4 Limitations of this research
The five studies included in this thesis have limitations which will be discussed in turn.
The main limitation of study 1 is that ANSeR was only tested on the EEG of term neonates.
Seizures are also a common occurrence in the preterm period, indeed it has been reported
by some that they are more prevalent in preterm than term neonates (258). Hence one
could argue that preterm neonates at risk of seizures have at least the same requirement
for EEG monitoring, with automated seizure detection as an adjunct, as term neonates. As
discussed in section 1.2, the background EEG is very different to term neonates, showing
varying degrees of discontinuity, transient normal waveforms, increased amplitude and
developing sleep cycling. Differences in seizures between preterm and term neonates have
also been reported. Patrizi (114) found differences in seizure morphology with an increased
prevalence of rhythmic delta at the start of preterm seizures and a higher occurrence of
spike and sharp waves at the start of the seizures of term neonates. Janackova (250) found
that preterm seizures were shorter (often less than 1 minute) than term seizures and also
showed smaller regions of onset and reduced propagation compared to term neonates. Due
to these differences in background and seizures between preterm and term neonates, it was
decided to initially develop and algorithm for term neonates and then tailor an automated
seizure detection algorithm for preterm neonates at a later stage.

While ANSeR was tested in the validation study on data from 2 institutions, which
represents a potentially more varied data set than previous performance analyses where
data was sourced from only one institution (7;11), to fully test the how the algorithm will
perform once licensed and available commercially, it is necessary to test the algorithm on
data from multiple sites and preferably recorded on multiple makes of EEG recording
device. In addition, performance validation on retrospectively acquired data can only
estimate the utility of the ANSeR in the live environment where additional factors such as
the interaction of the clinical staff with the algorithm come into play.
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These issues will be examined, to a degree, in ongoing multisite (8 sites) evaluation ‘the
ANSeR study’, initially tested on EEG data ‘post-acquisition’ from the various sites
(https://clinicaltrials.gov/show/NCT02160171) , and then in a ‘live’ randomised trial
(https://clinicaltrials.gov/ct2/show/NCT02431780) where counts of seizures detected at the
time of occurrence will be compared in the two arms of the study where EEG will be
recorded with or without the support of ANSeR running in real time.

In study 2 only a small cohort of 20 babies were analysed from a larger group of 70 babies
available on which basic performance analysis of the algorithm had previously been
performed. A subset of 10 seizure and 10 non-seizure babies was chosen primarily due to
time constraints arising from the fact that manually scoring multiple features of each seizure
(421 seizures in study 2) is very time consuming and would have been impractical for the full
set of 70 babies. Had a larger set of babies been analysed, perhaps some other predictors of
automated detection may have been discovered. The same also applies to the analysis of
false detections in study 2. False detections due to certain artefacts such as respiration and
pulsatile artefact were found to be unevenly distributed across the cohort, therefore it is
entirely possible, had a larger set of babies been analysed, that some new source of false
detection may have arisen.

A further limitation of study 2 which also applies to study 3 is that seizure identified by SM
were only ‘checked’ by an expert consultant neurophysiologist (RP). RP did not make a
formal analysis of the entire EEG records. If this had been done there may have been
seizures detected by RP that had not been identified by SM and in this instance a formal
measure of inter-rater agreement such as a Cohen’s Kappa Index could have been
performed. The methodology chosen was again due to time constraints of analysis.
A limitation of study 3 is that only the effects of phenobarbitone on seizure morphology and
ANSeR performance were analysed. Phenytoin and midazolam are common second line
AEDs and other drugs such as lignocaine, paraldehyde and others may be used as third line
medications. The effect of these drugs on seizure characteristics and ANSeR performance
was not tested, such that the robustness to their effects of the performance of ANSeR
cannot be stated.
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The main limitation of study 4 when comparing the actual latency of anticonvulsant
treatment to an estimated latency of treatment had the ANSeR algorithm been used, was
that the estimated latency to treatment contained an estimated drug preparation time of 30
minutes, based on questioning medical staff on this subject. It may be that, on average, drug
preparation may take less or more time that the 30 minutes allotted. In retrospect, a formal
analysis of drug preparation time from seizure recognition to administration would have
been useful. In addition an assumption was made that doctors would treat the first seizure
identified, which may not be the case in practice. Also, the sample size (n=18) in this study
was rather small and the study would be worth repeating with a larger dataset.
As stated, in study 5, the main limitations of this study were those relating to testing short
and long term memory retention. In terms of short term memory retention there was
variability in the timing between taking the test and receiving the training and taking the
second test for the experimental group. One solution might have been to arrange group
tests and training sessions such that the latency between tests and training was
standardised. It was the author’s opinion at the time that individual subject might gain more
knowledge from a one-to-one training session, in that it is easier to judge whether a subject
understands a certain topic in this scenario, so more time can be allocated to that topic such
that comprehension is more likely.

Study 5 did not test long term retention of the training material. Ideally, test subjects in the
experimental group would have been retested on the second test several months after
training and test results compared. As there is high rotation of junior clinical staff on the
unit who often only stay 6 months as part of their training, it was felt that retesting after
many of them had left was potentially impractical.

7.5 Recommendations for future research
As stated, testing ANSeR on seizures of preterm neonates is planned and given the known
differences in both background EEG and seizures between preterm and term babies, it may
be that certain adaptations to ANSeR will be required for optimal performance. The finding
by Janackova (250) that preterm seizures are typically shorter (lasting less than 1 minutes)
with less propagation than at term are particularly relevant, given that both seizure duration
and propagation were shown to affect ANSeR performance. Alternatively, an approach
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similar to that of Bogaarts (251) discussed in section 2.6 might be considered, whereby a
combined dataset of both preterm and term EEG data is used to train ANSeR and a
‘normalisation’ function used to correct for EEG baseline features.
Study 2 sets out criteria for comprehensive analysis of seizure detection algorithms and
future SDA analysis papers including an ANSeR algorithm tailored for preterm neonates may
benefit from adopting a similar approach both in terms of the development of their own
algorithm and to fully inform potential users of the strengths and weaknesses of their
algorithm.

In terms of future studies for the ANSeR algorithm, it should be noted that the analysis in
study 2 was applied to the original ‘alpha’ version of the algorithm and not the current
‘beta’ version of the algorithm. Thus the specific effects of the adaptation incorporated into
the beta version on the type of seizure being detected or indeed on the specific types of
artefact causing false detection are not fully known. Only general metrics showing improved
performance after the adaptation were given by Temko (252). The analysis therefore needs
repeating for the current beta version of ANSeR and a comparison made of both the
morphology of seizures now being detected and the current relative contributions of
different artefacts to false detection.

Having said that, some degree of testing of the beta version on artefacts was performed. In
study 5, to compile the teaching and test examples of false detections, a selection of false
detections was taken from study 2 (alpha version) representing the various sources of false
detection and were run through the beta version of the algorithm to see if they still caused
false detections. Only those that did still register as false detections (threshold 0.3) were
included in study 5. While this analysis did not include any quantification of the contribution
of different types of false detection to the overall ‘burden’ of false detection, it does show
that the same sources false detection in study 2 were still a problem and therefore still
relevant. This is to be expected as the adaptation included in the beta version as described
by Temko (252) in which a given peak on the probability graph is compared to the preceding
baseline rather than zero (as in the alpha version) does not alter the way the algorithm
analyses the EEG, rather it effects the thresholding for triggering a detection. This
adaptation is effective only in the context of prolonged ongoing artefact where the baseline
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is raised by this artefact. Logically, in the scenario of a sudden onset of a rhythmic artefact
from an artefact free background, either alpha or beta versions of the algorithms would
false alarm. In the beta version it is ensuing false detections that tend to be reduced due to
the adaptation in the context of a prolonged elevation of the probability baseline. This is
born out to some degree by observation. A prediction of the adaptation is also that, in the
situation of status epilepticus, after initial detection by the algorithm, some later periods of
seizure activity may not be detected, particularly if the seizures are occurring close together
in time. This has also been noted on some occasions. The adaptation also has the effect of
desensitising the algorithm to a degree as the preceding baseline is unlikely to be zero. This
can be circumvented by increasing the sensitivity.

Although the algorithm is quite far advanced in terms of its development and currently
undergoing clinical evaluation, it is not necessarily out of the question that further
adaptations may be made to the algorithm in future to improve performance.
Observationally, artefacts such as respiration, sweat and pulsatile artefact still remain a
problem for ANSeR in terms of false detection. It is possible that strategies to reduce these
artefacts (discussed in section 1.1.3.6) such as adaptive filtering, regression techniques or
time constrained ICA may need to be revisited. While, these techniques were considered
during ANSeR development, it was recognised that they all require physiological signals such
as respiration/ECG to be recorded in the first place and it was thought that, for respiration
signals in particular, only some future users might record these as standard practice. Hence
the ‘adaptive background modelling’ approach of Temko (252) was adopted, which makes
no requirement of these physiological measurements. One possible approach to optimise
ANSeR where these signals are recorded would perhaps be introduce a step during ANSeR
activation whereby the user is required to state whether these physiological signals are
being recorded, and if respiration and/or ECG are recorded, a version of ANSeR with an
additional layer of artefact removal processing, such as those described in section 1.1.3.6, is
activated.

Feedback from clinicians from the current clinical live trial of ANSeR concerning its
usefulness and interface will need to be formally assessed to guide incorporation as a trend
into EEG machines.
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The analysis of seizure morphology before and after phenobarbitone presented in study 3
also needs to be extended to examine both the effects of second line anticonvulsants such
as phenytoin and midazolam and potential effects of these medications on ANSeR
performance. As these are, by definition, given after phenobarbitone, investigation of the
effects of these drugs cannot be studied in isolation, only as an adjunct to phenobarbitone,
and confounding factors exist in that there will be variation in both the doses of
phenobarbitone previous given and the latency between administration of first and second
line drugs, affecting potential interactions and efficacy.

In terms of investigating the phenomenon of electroclinical uncoupling, one possible future
study might seek to compare the involvement of the motor strip before and after
anticonvulsants in in seizures that undergo electroclinical uncoupling. This would be
optimised by using a full set of electrodes with a comprehensive coverage of the scalp.
Study 4, examining how well ANSeR detects the onset of seizures, highlights a key aspect of
SDA functionality that would be very informative to SDA users for researchers to include in
future analyses of their algorithms. A seizure detection algorithm is of little use if it does not
improve current practice and this form of analysis is not unduly time consuming.

In study 5, the training resource designed to aid differentiation of seizures from seizure-like
rhythms, artefact or otherwise, should certainly be supplied in some format in conjunction
with ANSeR to future users, to optimise decision making. Similarly, groups developing novel
algorithms should consider performing similar analysis of the algorithms as in study 2 and
produce similar training documentation as the training resource, tailored to the
performance of their own SDA. The resource produced in study 5 may also provide a
valuable resource for centres recording EEG without the assistance of a seizure detection
algorithm as decisions regarding the nature of rhythms appearing on the EEG will still have
to be made.

As study 5 did not test long term retention of the training material, this remains an area for
potential future research.
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7.6 Problems arising during the research
An initial problem with the seizure analysis in studies 1/2, as for all studies of seizures, is the
question of what constitutes a seizure. While there are clear criteria for determining
seizures such as an inherent rhythmicity, minimum duration and ‘typical’ waveform
morphologies and many seizure are obvious, other seizures, particularly as the seizure
burden wains, can be very subtle with diminishing amplitude, a degree of arrhythmia and
indistinct onset and offset. I have 14 years' experience in neurophysiology, which has stood
me in good stead to perform this kind of analysis, however, even with this experience,
determining the cause of certain rhythms on the EEG was not a simple task at times. The
high level of agreement regarding the recognition of seizure between myself and an
experienced consultant clinical neurophysiologist (RP) is reassuring in this respect.
An additional problem in study 2, in terms of the analysis of false detections, was the fact
that a proportion of the EEGs analysed in study 2 were from Cork University Maternity
Hospital and had been stripped of both the accompanying video recording and any
annotations made at the time of recording. While certain artefacts such as sweat,
respiration and pulsatile artefact can be identified from either their morphology or
comparison with other physiological signals, other artefacts caused, for example by patting,
stroking the baby or rhythmic physiotherapy are very difficult to identify without the video
recording or some annotation of what was happening to the baby at the time. Some of
these rhythms then had to be allocated to the ‘unidentified’ artefact group.
No significant problems were incurred in study 3 and 4.

One of the main problems incurred in study 5 was simply acquiring the time of the clinical
staff to perform the training and tests. Nurses and doctors on the NICU have high and
unpredictable demands on their time with variable workload and frequent crash-call alarms
taking precedence over other tasks. Despite making numerous arrangements with staff to
undertake the various aspects of study 5, due to these variable clinical demands, these
appointments often could not be kept. While this is entirely understandable and by no
means a criticism, it did result in the data acquisition stage of study 5 taking far longer than
was initially predicted and would be a factor to be considered when designing similar
studies in the future.
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7.7 Autobiographical reflection
I feel there have been numerous benefits of undertaking the PhD program within my post
regarding both my personal expertise and knowledge of neonatal EEG, automated seizure
detection and research methodology which has enabled me to disseminate this knowledge
both to clinical colleagues and research colleagues.

First and foremost, I think my research studies have led to improvements to the
performance of the algorithm and greater understanding of its function and limitations. In
this regard, the subject of my PhD entirely compliments my post as research associate for
the Neonatal Brain Research Group with my roles to acquire data to test the ANSeR
program and advance its development as a clinical tool.

I feel I have very much carved out a role within my unit as an EEG expert and I am proud of
the EEG service that has been created in the NICU at UCLH, not least by virtue of the
considerable efforts of the doctors and nurses on the unit. The availability of EEG telemetry
on a neonatal unit is rare and provides both continuous information regarding the presence
of seizures, such that anticonvulsants can be titrated appropriately, and provides a valuable
insight for the clinicians of the natural history of the disease process, particularly relevant in
conditions such as HIE and stroke. The latter providing a far greater degree of confidence for
clinicians when predicting outcome.

Over the years of my study I have improved my skills as an electrophysiologist and had to
adapt to a range of challenges presented by the demands of different cases and maintaining
good quality EEG recordings over a number of days. These challenges include recording
from very preterm and fragile infants, recording additional polygraphy when required,
working around head lesions from birth, working within the restricted confines of an
incubator, minimising the influence of EEG artefact from proximal electrical equipment and
others.

I have also improved my professional interpersonal skills in dealing with parents of sick
neonates both to inform them about EEG recording and approach them regarding consent
for research.
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By virtue of undertaking a comprehensive literature search, I feel I have developed a far
more critical eye with regard to both my own research and the research of others, taking
more consideration of sample size, methodology, data presentation and interpretation of
results.

I have improved my data management skills with dealing with large unwieldy volumes of
both raw data and analytical results. I have gained knowledge regarding application of the
appropriate statistical tests under the guidance of my supervisors and our group’s
biostatistician, Vicki Livingstone, and gained experience of using statistical packages such as
SPSS (IBM Inc, USA) and graphical presentation software such as Graphpad Prism (GraphPad
Software Inc, USA).

I think that I have also improved my skills as a scientific presenter. During my PhD I have
presented my own or group research at numerous scientific conferences, both nationally
and internationally. I have given platform presentations at the following conferences:
Edinburgh Perinatal Festival 2012, Edinburgh, UK, The European Academy of Pediatric
Societies annual conference 2014, Lyon, France, The Pediatric Academic Societies annual
conference 2014, Vancouver, Canada, and the Pediatric Academic Societies annual
conference 2015, San Diego, USA. These conferences have improved my skills to present
complex topics in a succinct manner and improved my confidence as a public speaker.
During my period of research I have also collaborated and co-authored a number of
scientific papers with colleagues in both my research group and department including:

In Vivo measurement of cerebral mitochondrial metabolism using broadband near infrared
spectroscopy following neonatal stroke. Mitra S, Bale G, Meek J, Mathieson S, Uria C,
Kendall G, Robertson NJ, Tachtsidis I. Adv Exp Med Biol. 2016;876:493-9
Early postnatal EEG features of perinatal arterial ischaemic Stroke with seizures. Low E,
Mathieson SR, Stevenson NJ, Livingstone V, Ryan CA, Bogue CO, Rennie JM, Boylan GB.
PLoS One. 2014 Jul 22;9(7)
Anticonvulsant effect of Xenon on neonatal asphyxia seizures. Azzopardi D, Robertson NJ,
Kapetanakis A, Griffiths J, Rennie JM, Mathieson SR, Edwards AD.
Arch Dis Child Fetal Neonatal Ed. 2013 Sep;98(5):F437-9.
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Recooling for rebound seizures after rewarming in neonatal encephalopathy. Kendall
GS, Mathieson S, Meek J, Rennie JM.
Pediatrics. 2012 Aug;130(2):e451-5. doi: 10.1542/peds.2011-3496.
Long-range temporal correlations in the EEG bursts of human preterm babies. Hartley C,
Berthouze L, Mathieson SR, Boylan GB, Rennie JM, Marlow N, Farmer SF.
PLoS One. 2012;7(2):e31543.
Cooling and seizure burden in term neonates: an observational study. Low E, Boylan GB,
Mathieson SR, Murray DM, Korotchikova I, Stevenson NJ, Livingstone V, Rennie JM.
Arch Dis Child Fetal Neonatal Ed. 2012 Jul;97(4):F267-72.
I have also first authored 3 papers from this thesis (see below)), which has given me
valuable experience of the publication process.

7.8 Studies published from this thesis
Mathieson SR, Stevenson NJ, Low E, Marnane WP, Rennie JM, Temko A, Lightbody G,
Boylan GB. Validation of a novel automated seizure detection algorithm for term neonates.
Clin Neurophysiol 2016 Jan;127(1):156-68.
Mathieson S, Rennie J, Livingstone V, Temko A, Low E, Pressler RM, Boylan GB. In-depth
performance analysis of an EEG based neonatal seizure detection algorithm. Clin
Neurophysiol 2016. May; 127(5): 2246-2256.
Mathieson SR, Livingstone V, Low E, Pressler R, Rennie JM, Boylan GB. Phenobarbital
reduces EEG amplitude and propagation of neonatal seizures but does not alter
performance of automated seizure detection. Clin Neurophysiol. 2016 Jul 25. Pii S13882457(16)30473-4. Doi 10.1016/j.clinph.2016.07.007. [Epub ahead of print].
These papers are available in the Supporting Digital Documentation CD at the back of this
thesis and in hard copy at the back of this thesis.
Studies 4, 5 are in the process of preparation for submission.

7.9 Final Comments
The five studies in this thesis have led to both improved performance of ANSeR and a
greater understanding of its performance. This work has validated the performance of
ANSeR on a large data set of unedited EEG, revealed the factors affecting automated
detection of seizures and main causes of false detection leading to an adaptation of the
algorithm. It has also shown that phenobarbitone does affect seizure morphology but does
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not significantly alter ANSeR performance and has contributed to the understanding of
electroclinical uncoupling, it has shown that use of ANSeR should lead to a reduction in
latency to anticonvulsant treatment and it has generated valuable teaching material to
increase understanding of both EEG and ANSeR output.
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Appendix I
1. Processing steps of the ANSeR algorithm
N.B. The following document was supplied by Engineers at the Dept of Electronic and
Electrical Engineering, University College Cork, Ireland.
Summary
This document details the software flow and functional description of the Offline Seizure
Detection Project.
The project was developed in C and C++ using the Microsoft Visual Studio 2003®
development environment. The User Interface was developed using MFC classes and all the
feature extraction code was developed in a C library which is linked into the executable.
This document will concentrate on the seizure detection algorithm as the User Interface is
specific to Microsoft and is mainly for test purposes.
As detailed below, the algorithm works on the principal of reading a number of channels of
EEG data from file, processing each of these channels to determine seizure/non seizure and
outputting the results.
Software Flow
Fig 63 shows how EEG data is processed to determine the presence of seizure events. There
are 5 main steps.






Reading & saving input data to RAM
Pre Processing of data.
Feature extraction
Post Processing of feature results & seizure determination
Output of results to file

In the following sections we will explain in more detail each of these steps.
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Read epoch from input
file

Read Model file
into RAM
Pre-Processing Steps:





For each
Channel

Remove Artefacts
Filter Data
Down Sample Data
(Normalise Data)

Extract all Features

Post Processing Steps:






Normalise Data
Classify Data (SVM)
Apply Moving Average Filter
Calculate Probability Decision

Output
Results

Determine Seizure:
Based on Probability
results and minimum
seizure duration

Data flow through the SDA

Algorithm Steps
The algorithm was developed using 1 master C++ class (CSeizureCorkFile) which calls our
feature extraction C library code.
All functions and variables in the calling program are members of our master class.
Practically all memory allocation is also done at the class level, thereby leaving the C library
as efficient and fast as possible.
Reading and Saving Input Data to RAM
The system currently supports 3 file formats.
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CareFusion® Proprietary File Format (.e),
European Data Format (.EDF)
Text Format (.txt, .asc)

The 1st step in the seizure detection algorithm is to read 1epoch of data from file into
internal memory. In a typical configuration this is 8 seconds of data with a sampling
frequency of 256Hz so we store 2048 samples of data.
At this point we also load our model file into RAM; this is used in the normalization of the
extracted feature results and in the classification of seizure. Storing this model data is by far
the most memory intensive part of the system.
A model file may contain a few thousand support vectors per feature so a lot of internal
memory is used. This is not such an issue on PC but is a concern for deployment to a
microprocessor.
Pre Processing Steps
Once the epoch of raw data is in memory we remove any artefacts, filter and down sample
it.






Remove high frequency artefacts and epochs where all data is ‘flat’
Pass the data to a Low Pass FIR Filter (using a Hanning Window with 65 taps for a
sampling frequency of 256Hz).
Pass the result of the Low Pass filter to a High Pass FIR Filter.
Down sample the filtered results to 32Hz which produces a down sampled vector of
256 samples
(After the data is down sampled we also have the option to apply a set of histogram
normalisation coefficients to normalize the data before feature extraction)

Feature Extraction
The code for our Feature Extraction is written in C for speed and stored in a C Library for
portability. The structure of each feature function is similar.
Feature_func(*input_vector, n_samples, &output_value)
We have tried to keep the memory allocation in the Feature Library to a minimum so all the
allocation for the input and output parameters are the responsibility of the calling program.
Also we have tried to make the library code as portable as possible but there are a few calls
to math functions like sin() and log() which are Microsoft specific.
There are a total of 55 features implemented. These are as follows.
 fft based features
o Power Spectral Density
o Spectral Entropy
o Power in the 0-12Hz Band
o Power in the 0-2Hz Band
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o Power in the 1-3Hz Band
o Power in the 2-4Hz Band
o Power in the 3-5Hz Band
o Power in the 4-6Hz Band
o Power in the 5-7Hz Band
o Power in the 6-8Hz Band
o Power in the 7-9Hz Band
o Power in the 8-10Hz Band
o Power in the 9-11Hz Band
o Power in the 10-12Hz Band
o Normalised Power in the 0-2Hz Band
o Normalised Power in the 1-3Hz Band
o Normalised Power in the 2-4Hz Band
o Normalised Power in the 3-5Hz Band
o Normalised Power in the 4-6Hz Band
o Normalised Power in the 5-7Hz Band
o Normalised Power in the 6-8Hz Band
o Normalised Power in the 7-9Hz Band
o Normalised Power in the 8-10Hz Band
o Normalised Power in the 9-11Hz Band
o Normalised Power in the 10-12Hz Band
o Spectral Edge Frequency (90%)
o Spectral Edge Frequency (95%)
o Spectral Edge Frequency (80%)
Auto Regressive(AR) Modelling based features, using Yule-Walker equations and
Levinson-Durbin recursion
o AR Modelling Order 1
o AR Modelling Order 2
o AR Modelling Order 3
o AR Modelling Order 4
o AR Modelling Order 5
o AR Modelling Order 6
o AR Modelling Order 7
o AR Modelling Order 8
o AR Modelling Order 9
Others
o Non Linear Curve Length
o Wavelet Coefficients
o Local Minima & Maxima
o RMS Amplitude
o Shannon Entropy
o Hjorth Activity
o Hjorth Mobility
o Hjorth Complexity
o Non Linear Energy
o Number of Zero Crossings
o Sample Kurtosis
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o
o
o
o
o
o
o

Sample Skewness
Singular Value Decomposition (SVD) Entropy
Fisher Information
Zero Crossings of 1st Derivative
Zero Crossings of 2nd Derivative
Variance of 1st Derivative
Variance of 2nd Derivative

Post Processing Steps
Once we have extracted all the features in the system we then need to determine the
presence of seizure.
For each Channel of data we






Normalize the extracted feature results to produce a vector of values between 0 and
1. We use either
o Min-Max normalization
o Mean Variance normalization.
Produce a classification vector based on the normalized data and the support vectors
from our model file.
Convert the classification results to probabilities using a Sigmoid Curve function
Apply a filter to the probabilities results to produce a final average value. We use
either
o A Moving Average Filter with a default of 15 epochs.
o A Median filter with a default of 11 epochs.

If the final value produced (for any channel of data) is greater than our pre-defined seizure
threshold value then we mark this epoch as a potential seizure.
For a valid seizure we need at least 3 potential seizure epochs in a row.
We then apply a collar (7 epochs by default) to both the beginning and end of the seizure to
obtain our final result.
Output Results to file
The results output to file are based on user options and some flags set in the code.
Some of the output options available are
 Seizure start time, end time, duration
 Extracted feature results
 SVM classification results
 Raw data before analysis
 Low Pass Filter output
 High Pass Filter output
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h i g h l i g h t s
 Seizure detection algorithm (SDA) validated on unseen, unedited EEG of 70 neonates.
 Results at SDA sensitivity settings of 0.5–0.3 acceptable for clinical use.
 Seizure detection rate of 52.6–75.0%, false detection rate 0.04–0.36 FD/h.

a b s t r a c t
Objective: The objective of this study was to validate the performance of a seizure detection algorithm
(SDA) developed by our group, on previously unseen, prolonged, unedited EEG recordings from 70 babies
from 2 centres.
Methods: EEGs of 70 babies (35 seizure, 35 non-seizure) were annotated for seizures by experts as the
gold standard. The SDA was tested on the EEGs at a range of sensitivity settings. Annotations from the
expert and SDA were compared using event and epoch based metrics. The effect of seizure duration on
SDA performance was also analysed.
Results: Between sensitivity settings of 0.5 and 0.3, the algorithm achieved seizure detection rates of
52.6–75.0%, with false detection (FD) rates of 0.04–0.36 FD/h for event based analysis, which was deemed
to be acceptable in a clinical environment. Time based comparison of expert and SDA annotations using
Cohen’s Kappa Index revealed a best performing SDA threshold of 0.4 (Kappa 0.630). The SDA showed
improved detection performance with longer seizures.
Conclusion: The SDA achieved promising performance and warrants further testing in a live clinical evaluation.
Signiﬁcance: The SDA has the potential to improve seizure detection and provide a robust tool for comparing treatment regimens.
Ó 2015 International Federation of Clinical Neurophysiology. Published by Elsevier Ireland Ltd. This is an
open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction
The concept of ‘‘neuroprotective’’ intensive care has now
reached neonatal units worldwide, in part driven by the results
of randomized controlled trials showing that therapeutic
hypothermia is beneﬁcial for term babies with a recent
hypoxic-ischaemic injury (Glass et al., 2011). The practice of neuroprotective care involves careful monitoring of carbon dioxide tension, blood pressure and other physiological variables and is ideally
accompanied by continuous cotside EEG monitoring. Without EEG
⇑ Corresponding author. Tel.: +353 21 4205040.
E-mail address: g.boylan@ucc.ie (G.B. Boylan).

monitoring many seizures are missed. The inaccuracy of clinical
recognition of seizures was demonstrated by Murray et al.
(2008). In this study, comparing EEG evidence of seizures to the
seizure detection acumen of NICU staff based on clinical evidence
alone, of 526 EEG seizures, only 179 (34%) had any clinical accompaniment, overdiagnosis was common with only 48 of 177 (27%)
clinically suspected events accompanied by EEG seizures such that
only 48/526 (9%) of EEG seizures were correctly identiﬁed by clinical observation. Amplitude-integrated EEG (aEEG) is widely used
in NICUs for seizure detection but has been shown to perform
poorly (Rennie et al., 2004). In this study seizure detection by four
non-experts using CFM traces at 3 paper speeds were compared
against simultaneous EEG in 19 babies. Sensitivities of only 38%

http://dx.doi.org/10.1016/j.clinph.2015.04.075
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at 6 cm/h, 54% at 15 cm/h and 55% at 30 cm/h were achieved and
agreement between observers was poor at all speeds (j values
from 0.01 to 0.39). Treating seizures to electrical quiescence has
yet to be proven of any long-term beneﬁt, but there is evidence
from animal models (Wirrell et al., 2001), and clinical studies
(Glass et al., 2009; Shah et al., 2014) which would support the principle that seizures do inﬂict further brain injury. Attempts to ameliorate such damage must be accompanied by prompt and reliable
detection of seizures. In addition, good quality randomized controlled trials of new antiepileptic drugs are impossible without
robust and reproducible EEG monitoring.
A signiﬁcant barrier to the practice of neuroprotective critical
care in the NICU is the lack of expertise in reporting neonatal
EEG. Current cotside EEG monitors are sophisticated devices, offering the ability to record multiple channels of EEG continuously
together with other physiological signals and video-recording of
the baby’s movements. They allow the continuous display of
aEEG and other quantitative trends and are easy to set up and
maintain. But few clinicians have the knowledge to interpret the
plethora of information which is generated by such monitoring,
and without this knowledge there is a danger that this equipment
will be under utilised or (worse) the output will be misinterpreted
at the cotside.
Our group has considerable experience with cotside EEG monitoring and has grown to appreciate the beneﬁts that this provides.
For many years now we have been working on a seizure detection
algorithm (SDA), which would analyse one or more channels of
‘‘raw’’ EEG, continuously and in real-time, providing a visual and
audible alert to the clinical team. The engineering challenges have
proven formidable because EEG is a complex signal, and neonatal
seizures have variable amplitude, frequency and morphology,
and are rarely sustained for more than 5 min.
Other groups have developed SDAs for neonates, and have published their detection rates, using varying deﬁnitions of success
(Liu et al., 1992; Gotman et al., 1997; Smit et al., 2004;
Navakatikyan et al., 2006; Deburchgraeve et al., 2008; Mitra
et al., 2009). Details of the performance of these and other SDAs
are outlined in Table 1 and reviewed further in the discussion.
Currently only two SDAs are commercially available. These are
the Gotman algorithm incorporated into the Stellate EEG system
(Natus Medical Inc, USA); and the ‘Recognize’ algorithm of
Navakatikyan which is incorporated into the Brainz aEEG monitor
(Natus Medical Inc., USA) which has only a 2 channel EEG capability. One problem which inhibits comparison of SDAs is the lack of
an agreed deﬁnition of what constitutes best performance. Many
SDAs are reported to have good detection rates, with a high number of seizures accurately detected when compared to expert neurophysiology as the ‘‘gold standard’’, and low numbers of missed
seizures. However, the temporal aspect of seizure detection is
rarely reported, for example one missed seizure of 8 min duration
in an hour would be clinically important. Another important aspect

of SDA performance assessment is the number of false detections.
Many validation studies have used only short duration recordings,
but any robust algorithm designed for current NICU use has to be
able to perform reliably on very long recordings of 72 h or more.
Respiration artefact is a particular problem often recorded in
neonatal EEG and can mimic the stereotyped rhythmic seizure
activity that is often seen in neonates.
We have previously reported the performance of our neonatal
SDA on a set of 17 seizure babies recorded at Cork University
Maternity Hospital (CUMH), Ireland (Temko et al., 2011a) using a
‘leave one out’ (LOO) cross validation method of analysis, whereby
the data of one patient is used for testing and the others used for
training the algorithm and the process is repeated for each patient
and the mean result reported. A further LOO study was performed
on 38 babies from CUMH (Temko et al., 2013) incorporating an
adaptation to reduce the effects of prolonged artefact and showed
improved performance. This study also incorporated analysis of an
‘unseen’ dataset of 51 babies from CUMH.
The aim of the present study was to validate the performance of
our neonatal SDA on a larger database of unseen, unedited, continuous, multi-channel EEG data from 70 term newborns collected at
2 sites, CUMH and University College London Hospital (UCLH), and
to provide comprehensive measures of SDA performance. While
time based metrics assess the ability of the algorithm to detect
the ‘amount’ of seizure activity (seizure burden) correctly and is,
in a sense, the most precise engineering metric, event based metrics provide clinicians with valuable information as to the percentage of seizures that will be detected, with important implications
for treatment and also how often the algorithm is likely to alarm
falsely. We therefore report both time based and event based measures of performance.

2. Methods
2.1. Data acquisition and EEG annotation
Neonates were enrolled from the neonatal intensive care units
of CUMH and UCLH from January 2009 to October 2011 as part
of an on-going study of neonatal seizures. Neonates P37 weeks
gestation were enrolled for EEG monitoring if they fulﬁlled two
or more of the following criteria: Apgar score less than six at ﬁve
minutes; a continued need for resuscitation after birth; any clinical
evidence of encephalopathy, or seizures developed within 72 h of
age.
This study was conducted with approval from the Clinical
Research Ethics Committees of the Cork Teaching hospitals,
Ireland and the National Health Service in the UK, via the
Integrated Research Application Service. Written, informed consent was obtained from at least one parent of each neonate who
participated in this study.

Table 1
Summary of SDAs proposed in the literature. (DB – database, h – hour, S – seizure, NS – non-seizure, Dur – duration, AUC – area under the receiver operator characteristic, Sens –
sensitivity, spec, speciﬁcity, SDR – seizure detection rate, FA/h – false alarms per hour).
Algorithm

DB length h (N)

S:NS Dur

NS neonates

Liu et al. (1992)
Gotman et al. (1997)
Smit et al. (2004)
Navakatikyan et al. (2006)
Lawrence et al. (2009)
Deburchgraeve et al. (2008)
Cherian et al. (2011)
Mitra et al. (2009)
Temko et al. (2011a,b)
Temko et al. (2013)

1.0 (14)
237 (54)
10.4 (19)
24 (55)
2708 (40)
218 (26)
756 (24)
120 (76)
268 (17)
2540 (51)

1:1

Yes
Yes
No
Yes
Yes
Yes
No
Yes
No
Yes

1:6.8

1:27.9
1:11.0
1:5.9

AUC

Sens (%)

Spec (%)

84

98

66
83

90
87

59
0.96
0.96

90

90

SDR (%)

FA/h (N/h)

66

2.3

90
55
85
66
80
89
71

2
0.09
0.66
0.58
0.78
1
0.25

158

S.R. Mathieson et al. / Clinical Neurophysiology 127 (2016) 156–168

2.1.1. EEG recording
The EEG was recorded using a NicoletOne EEG monitor
(Carefusion, Wisconsin, USA) and the 10:20 EEG electrode placement system adapted for neonates was used with the following
electrodes F4, F3, T4, T3, C4, C3, CZ, O2 and O1. Additional electrodes were positioned at P3 and P4 when possible. Respiration
and ECG was also monitored and signals were stored synchronously with the EEG. The EEG was recorded at a sampling rate
of 250 Hz or 256 Hz, with a ﬁlter bandwidth of 0.5–70 Hz. The EEG
was recorded from as soon as possible after birth and the recording
continued for as long as clinically required.
2.1.2. EEG analysis
All seizures were annotated on the original EEG ﬁle by a trained
electrophysiologist, Sean Mathieson (SM) to generate seizure event
text ﬁles for each recording. The seizure annotations of SM for all
neonates were used for comparison with the SDA annotations. To
verify the validity of the seizure annotations by SM, a random sample of 15/35 (42.85%) recordings with seizures were also annotated
by Geraldine Boylan (GB) and compared for inter-rater reliability
using Cohen’s Kappa index.
An electrographic seizure was deﬁned as a sudden and evolving
repetitive stereotyped waveform with a deﬁnite start, middle and
end, lasting for at least 10 s on at least one EEG channel (Clancy
and Legido, 1987). A stand alone, ofﬂine version of the SDA was
then used to process each EEG recording (see Fig. 1). Full details
of the alpha version of this algorithm have been described previously (Temko et al., 2011a). The current beta version incorporates
a modiﬁcation to reduce false detections due to persistent artefact
(Temko et al., 2013). In summary, the EEG is down-sampled to
32 Hz with an anti-aliasing ﬁlter set at 12.8 Hz and is then split
into 8 s epochs with 50% overlap between epochs. Fifty-ﬁve features are then extracted for each channel from each epoch representing both time and frequency domain characteristics as well
as information theory based parameters. Details of main features
extracted are given in Table 2. The features extracted from each
epoch are then fed into a support vector machine classiﬁer. The
output of the SDA is a graph of the probability of seizure calculated
using all features in any one 8 s epoch, from zero to 1. This analysis
is performed separately for each channel then results are combined
for all channels into a single graph (Fig. 1, top panel). A seizure is
designated when the probability graph breaches a threshold. The
seizure sensitivity threshold is adjustable from 0.1 (most sensitive)
to 0.9 (least sensitive). The adjustable threshold allows the algorithm to be tuned on a patient by patient basis. For example,
should an EEG recording contain large amounts of artefact causing

Table 2
Main features extracted from the EEG by the SDA.
Groups
Frequency
domain

Feature list
Total power (0–12 Hz)
Peak frequency of spectrum
Spectral edge frequency (80%, 90%, 95%)
Power in 2 Hz width sub-bands (0–2 Hz,
12 Hz)
 Normalised power in sub-bands
 Wavelet energy (the EEG is decomposed
cients using the Daubechy 4 wavelet, the
5th coefﬁcient corresponding to 1–2 Hz
feature)





1–3 Hz, ...10–

into 8 coefﬁenergy in the
is used as a

Time domain












Curve length
Number of maxima and minima
Root mean squared amplitude
Hjorth parameters
Zero crossings (raw epoch, D, DD)
Autoregressive modelling error (model order 1–9)
Skewness
Kurtosis
Nonlinear energy
Variance (D, DD)

Information
theory:






Shannon entropy
Singular value decomposition entropy
Fisher information
Spectral entropy

false detections, the SDA can be desensitised to reduce this number
but with a concomitant decrease in the seizure detection rate, as
there will always be a negative trade-off between the number of
detected seizures and false detections. An SDA annotation was
exported for each threshold and was used for comparison with
the expert rater’s annotation. The SDA and the expert rater’s annotations were stored as text ﬁles.
2.2. Assessment of the SDA
Assessment of an SDA against a ‘‘gold standard’’ is not a trivial
task (Temko et al., 2011b). There is a relative scarcity of seizures
in any long duration recording, and in clinical practice recordings
will be made in many babies with no seizures at all. The SDA
may detect a seizure but the assessed duration might not be in
agreement with the ‘‘expert’’ view. The possible output of a comparison is demonstrated in Fig. 2, illustrating the true positive situation (TP) when both the SDA and the expert rater agree there is
seizure activity, and true negative (TN) when neither the rater or
the SDA classify the EEG as showing seizure. A false positive (FP)

Seizure probability output

aEEG F4-C4

aEEG F3-C3

cEEG

Fig. 1. The SDA incorporated into an EEG viewer. The output of the SDA is a graph of the probability of seizure (upper panel). When a seizure is detected the trace turns red
and an annotation is made. The viewer also displays the continuous EEG and aEEG.
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Fig. 2. Temporal and event based assessment of agreement between the annotation of the human expert and the SDA output. S denotes seizure and NS denotes non-seizure.
Light/shade in time bar denotes periods of temporal agreement/disagreement: true positives (TP), true negatives (TN), false positives (FP) and false negatives (FN). Markers
denote event based agreement: TP and FP. Sensitivity for temporal assessment is 75.0% and speciﬁcity for temporal assessment is 75.0%. Sensitivity for event based
assessment is 66.7% and a false alarm rate of 1/h.

or type 1 error occurs when the human expert did not annotate a
seizure but the SDA output is seizure, and a false negative (FN)
or type II error occurs when the expert annotates the recording
as seizure but the SDA does not. In order to achieve a rigorous evaluation the probability output time series was set at 60 samples per
minute (1 Hz). In order to measure the agreement between the
annotations of seizure by the SDA and the expert rater, both
records were converted into a binary time series (in this case the
time series sampled at 1 Hz). The binary signal was generated by
denoting the presence of a seizure at any second with ‘1’ and
absence of seizure at any second with ‘0’.
2.2.1. Conventional measures of agreement
Using the concept of true positive and true negative detection
outlined above, conventional measures can be calculated.
Sensitivity, deﬁnes agreement between the human expert and
SDA for identifying the presence of seizure, TP/(TP + FN), and speciﬁcity deﬁnes agreement between the human expert and SDA for
identifying the absence of seizure, TN/(TN + FP). The estimates of
sensitivity and speciﬁcity can be applied directly to the annotation
time series (time based assessment) or in an event based assessment (Fig. 2). The time based metrics correspond to an ‘overlap
integral’ method of assessment (Wilson et al., 2003). The event
based metrics correspond to an ‘any overlap’ method of assessment and must be modiﬁed so that speciﬁcity is replaced by a
measurement of the false detections per hour (false positives per
hour) due to a poorly deﬁned ‘no seizure’ event (Wilson et al.,
2003).The sensitivity and speciﬁcity can also be used to calculated
the area under the receiver operator characteristic (a plot of the
speciﬁcity vs the sensitivity). The effect of seizure duration on
the accuracy of seizure detection (event based analysis) was also
examined.
The assessment of agreement was examined on a case-by-case
basis. Measures of agreement were then summarised across neonates using the median and interquartile range (the distribution
of performance measures will be nonparametric). Agreement was
assessed using Cohen’s Kappa index.
Performance metrics for the current validation study were also
compared against results of the previous ‘leave one out’ study
(Temko et al., 2013).
2.2.2. Application speciﬁc measures of SDA usefulness
The agreement between several interpretations of the annotation was compared using the intra-class correlation coefﬁcient
(ICC). We quantify interpretation as a summary representation of
clinically useful information on seizures over the entire EEG
recording of a baby. This includes summary statistics such as seizure burden, seizure number, mean seizure duration, median seizure duration, seizure onset, and seizure period.

The ability of the SDA to support the identiﬁcation of seizure
and non-seizure babies was also examined, ie. detect any seizures
in seizure babies and make no false detections in non-seizure
babies.
Next the potential of the SDA to support clinical decisions
regarding AED administration was examined. With periodic review
of the EEG, seizures may not be detected immediately and AEDs are
often administered some hours after seizure onset. AEDs may also
be administered based on clinical assessment only, potentially
erroneously. In order to facilitate this analysis, we examined
whether there was seizure activity on the EEG in the 90 min prior
to administration of AED (concurrent with AED), or absent in this
90 min period (non-concurrent with AED) to ascertain whether
AED was given in a timely or appropriate manner. 90 min was
taken as an arbitrary cut off time. This was compared to an examination of the SDA output to conﬁrm whether AEDs had concurrent
or non-concurrent SDA seizures. This comparison reﬂected the
ability of an SDA to support clinical decisions regarding AED
administration.
3. Results
In total, 107 babies recruited between 5th January 2009 and
30th June 2011 met the inclusion criteria (71 from CUMH and 26
from UCLH). A cohort of 70 babies was then formed by selecting
all 35 who had EEG seizures and 35 babies who did not have
EEG evidence of seizures. The 35 non-seizure babies were randomly selected from the recordings of the remaining 72 babies in
order to match the number of seizure and non-seizure babies in
the cohort. The range of demographics for this cohort of neonates
is given in Table 3.
The seizure annotations by SM resulted in the detection of 2061
seizures in 35 neonates from a total of 4060 h of multi-channel EEG
recordings (Table 4).
3.1. Conventional measures of agreement
Results of the comparison of seizure annotation by SM and GB
produced a mean Kappa score of 0.851, which is considered near
perfect. The level of agreement (time based analysis) between
the annotations of the human expert (SM) and SDA at 9 SDA
thresholds, are shown in Table 5A. The maximal level of agreement
was at sensitivity threshold 0.4. Further time and event based measures assessed at each SDA threshold are shown in Table 5B.
The results for time based metrics are also shown in Fig. 3.
Fig. 3a compares the performance of the unseen validation study
to the previous ‘leave one out’ cross validation (Temko et al.,
2013). The median AUC for the validation study, estimated on
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Table 3
Demographics and EEG recording information relating to the 70 neonates used in this
study.
Gestational age (weeks+days)
Birthweight (g)
Gender (male:female)
Age at EEG onset (h)
EEG recording duration (h)

40+3 (39+2 to 41+2)
3526 (3140 to 3920)
37:33
7.0 (3.6–19.0)
51.6 (21.5–84.4)

Primary diagnoses

Neonates (N)

HIEa

37
Mild
Moderate
Severe

Table 5
The level of agreement between the annotation of the human expert (SM) and the
SDA at 9 thresholds. (A) Cohen’s Kappa Index (time based metric), (B) sensitivity and
speciﬁcity (time based metric), seizure detection rate and false alarms per hour (event
based metrics). Data are median (IQR).
SDA
threshold
(A)
0.1
0.2

10
19
8

Birth depressionb
Strokec
Focal lesiond
Othere

0.3

10
8
3
12

0.4
0.5
0.6

Median (interquartile range).
22 treated with therapeutic hypothermia (TH).
b
Birth depression without ensuing encephalopathy.
c
Stroke – arterial ischaemic, haemorrhagic, multiple infarctions.
d
Focal lesion – subdural haemorrhage, intraparenchymal bleed.
e
Other – meningitis/HIE (TH), viral encephalitis, sepsis, benign familial neonatal
seizures, benign sleep myoclonus, unknown diagnosis.
a

0.7
0.8
0.9
SDA
threshold

Table 4
The summary of seizure characteristics in the 35 babies with EEG conﬁrmation of
seizures. Seizure onset (h) refers to post natal age in hours.

Seizure onset (h)
Seizure period (h)
Seizure burden (mins)
Seizure number (N)
Mean seizure duration (s)
Median seizure duration (s)

Median

IQR

min

max

19.0
18.6
79.8
22
163
115

(11.5–35.8)
(8.6–35.4)
(25.3–204.6)
(7–75)
(95–298)
(69–186)

6.6
0.03
1.9
1
28
25

153.8
120.2
1404
295
2207
2207

(B)
0.1
0.2
0.3
0.4
0.5
0.6

neonates with seizures (sensitivity can only be estimated on neonates who have seizures) was 0.945 (IQR: 0.921–0.971, min:
0.684 max: 0.999). The mean AUC was 0.933. The performance
curves for the two datasets are similar with slightly improved
results in the validation set. Fig. 3b shows the speciﬁcity for neonates with seizure and neonates without seizure. The curves are
similar with slightly higher speciﬁcity for non-seizure babies than
seizure babies at lower thresholds.
The results for event based metrics on a case by case basis are
shown in Fig. 4. Again the performance curves for the validation
study compared to the LOO cross validation are similar (Fig. 4a).
Fig. 4b shows that false alarm rates are similar for seizure and
non-seizure babies.
Fig. 5 shows seizure detection rates and FDs/h for individual
babies in the cohort. There is variability in seizure detection and
false detection rates across babies. Note the high false detection
rates in seizure babies 25 and 26 due to respiration and pulse
artefact.
Fig. 6 shows the effect of seizure duration on SDA detection rate.
The SDA performance is reduced when detecting short seizures.
The most common seizure duration was 1–2 min.
3.1.1. Application speciﬁc measures of SDA usefulness
The intra-class correlation between estimates of seizure burden,
seizure number, mean/median seizure duration, seizure onset and
seizure period are shown in Table 6 for the highest performing
threshold of the SDA. The highest performing threshold varies
depending on the parameter of interest.
The performance of the SDA to support the identiﬁcation of seizure babies (any seizure detected) and non-seizure babies (no false
detections) at several clinically relevant thresholds is shown in

0.7
0.8
0.9
a
b

Kappaa

Prevalence indexa

Bias indexa

0.098
(0.044–0.204)
0.309
(0.155–0.509)
0.524
(0.217–0.677)
0.630
(0.283–0.739)
0.579
(0.332–0.724)
0.552
(0.340–0.700)
0.405
(0.255–0.621)
0.280
(0.135–0.406)
0.060
(0–0.207)

0.688
(0.588–0.780)
0.893
(0.785–0.949)
0.936
(0.862–0.977)
0.956
(0.885–0.984)
0.954
(0.896–0.983)
0.952
(0.864–0.981)
0.959
(0.879–0.983)
0.957
(0.889–0.989)
0.941
(0–0.981)

0.222
(0.157–0.364)
0.050
(0.027–0.098)
0.011
(0.003–0.031)
0.006
(0.003–0.019)
0.007
(0.002–0.019)
0.006
(0.003–0.019)
0.001
(0.003–0.027)
0.011
(0.004–0.038)
0.007
(0–0.042)

Sensitivitya

Speciﬁcityb

Seizure
detection ratea

False alarm
rateb

96.2
(92.6–98.4)
88.1
(80.5–92.3)
76.1
(68.5–83.9)
68.6
(56.3–80.2)
58.6
(41.2–70.4)
44.2
(31.4–70.0)
32.1
(15.0–51.0)
16.4
(7.4–30.9)
3.4
(0–12.1)

77.7
(63.0–86.6)
94.5
(91.1–97.9)
98.5
(97.0–99.5)
99.5
(98.6–99.9)
99.8
(99.3–100.0)
99.9
(99.7–100.0)
100.0
(99.9.0–100.0)
100.0
(100.0–100.0)
100.0
(100.0–100.0)

97.1
(92.2–100.0)
85.7
(77.1–97.6)
75.0
(59.5–91.7)
64.0
(41.6–85.3)
52.6
(28.3–73.4)
50.0
(23.1–60.1)
34.2
(13.4–50.0)
23.7
(7.2–38.9)
5.1
(0–16.2)

4.35
(3.28–5.70)
1.20
(0.63–2.01)
0.36
(0.16–0.74)
0.12
(0.04–0.29)
0.04
(0–0.18)
0
(0–0.06)
0
(0–0.01)
0
(0–0)
0
(0–0)

Estimated on neonates with seizure (N = 35).
Estimated on all neonates (N = 70).

Fig. 7. There is a trade-off between number of seizure and
non-seizure babies detected depending on the SDA sensitivity
threshold. The best performing SDA sensitivity threshold was at
0.8 (30/35 seizure babies identiﬁed, 31/35 non-seizure babies
identiﬁed). Clinical recognition of seizure/non-seizure babies
(identiﬁcation of a seizure baby was assumed if AED was given,
identiﬁcation of a non-seizure baby was assumed if AED not given)
was slightly superior to the SDA (33/35 seizure babies identiﬁed,
30/35 non-seizure babies identiﬁed). The SDA did not detect any
seizures that had been missed by the expert reviewer in the
non-seizure baby group.
The potential of the SDA to support clinical decisions regarding
AED administration is shown in Fig. 8. A total of 97 AED administrations were recorded (NB. Maintenance doses were not analysed). Of these, 78 were administered during EEG recording.
53/78 were concurrent with EEG seizures (within 90 min preceding AED administration) and 25/78 were administered with no
concurrent seizures (in the 90 min preceding AED administration).
Again there is a trade-off in the performance of the SDA to support
clinical decisions regarding AED administration between supporting concurrent and non-concurrent AED decisions, dependent on
SDA sensitivity threshold. The data does suggest however that
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Fig. 3. Time based measures (overlap integral) of SDA performance. The broken
lines denote the interquartile range. (A) The median receiver operator curves (the
trade-off between sensitivity and speciﬁcity) of validation set (estimated on babies
with seizure, N = 35) compared to ‘leave one out’ cross validation set (Temko et al.,
2013). The numbers on the plot relate to the threshold at which the sensitivity and
speciﬁcity were estimated. (B) The median speciﬁcity of the SDA for validation set
with respect to SDA threshold, estimated on babies with seizure (N = 35) and babies
without seizure (N = 35) in validation study.

there is a potential for the SDA to beneﬁcially support these
decisions. The SDA, at a threshold of 0.5 and 0.6 performed equally
well in terms of its overall effectiveness to correctly identify
seizures or seizure free EEG in the 90 min preceding AEDs and
therefore to potentially support clinical decisions regarding AED
administrations. At a threshold of 0.5, 45/53 (85%) AED administrations concurrent with EEG evidence of seizure would be supported
by the SDA and only 6/25 (24%) of AED administrations with
non-concurrent seizures would be supported by the SDA., ie. the
SDA has the potential to reduce non-concurrent AED administration by 76% at a cost of not detecting 15% of concurrent seizures.
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Fig. 4. Event based measures (any overlap) of SDA performance compared to the
original LOO cross-validation. The broken lines denote the interquartile range. (A)
The trade-off between seizure detection rate and false alarms per hour for babies
with seizure (N = 35) in validation study compared to ‘leave one out’ cross
validation study (Temko et al., 2013). The numbers on the plot relate to the
threshold at which the sensitivity and speciﬁcity were estimated. (B) The median
false alarm rate with respect to SDA threshold estimated on babies with seizure
(N = 35) and babies without seizure (N = 35) in validation study.

often observed in intermediate sleep, a phase between active and
passive sleep, when widespread delta activity is known to increase.
In some cases this delta activity had an increased rhythmicity than
is commonly observed and consequently caused false detections.
This is evident in Fig. 10d where the periodic peaks in the CFM
indicating intermediate/quiet sleep correspond to peaks in the
SDA probability output and a highly rhythmic EEG pattern is
shown in the lower panel.

3.2. Missed seizures and false detections

4. Discussion

Examples of seizures that were not detected by the SDA are
illustrated in Fig. 9. These were often short or low amplitude or
had a dysrhythmic or complex morphology. A quantitative analysis
of both missed seizures and false detections will be published separately. Some common causes of false detection are shown in
Fig. 10. Respiration and pulse artefacts are recognisable as they
are synchronized to the respiration and ECG traces respectively.
Sweat artefact produces characteristic large semi-rhythmic waves
spanning several seconds. A highly rhythmic background EEG pattern also caused false detections in some cases. This pattern was

In this study a comprehensive set of metrics have been used to
measure the performance of our SDA on a large, unedited dataset
of prolonged, clinical EEGs from two institutions. To the best of
our knowledge this is the largest data set used for SDA validation
in babies to date. Only a small subset of previous SDAs has been
investigated on a large cohort of babies (Gotman et al., 1997;
Lawrence et al., 2009; Mitra et al., 2009; Cherian et al., 2011).
We have used a reduced set of 9 recording electrodes in our
study which the algorithm is preset to analyse. While some centres
may favour a full set of electrodes (up to 32 recording electrodes)
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Fig. 5. Seizure detection rates and FDs/h (SDA sensitivity threshold 0.5) for individual babies in the cohort. Note the high false detection rates in seizure babies 25 and 26 due
to respiration and pulse artefact. Babies to the left of the vertical line were babies recruited in Cork and those to the right were recruited in London.

Table 6
Agreement between interpretation of annotations of the human expert (SM) and the
SDA. Interpretation relates to summary statistics of the temporal evolution of seizures
in each EEG recording. The average intra-class correlation coefﬁcient (ICC) is
presented and is estimated on the entire cohort of babies (N = 70). The summary
statistics of seizures are estimated from the SDA annotation but only on babies who
have seizure as detected by the human expert. The threshold that results in the
highest ICC for each measure is shown. The SDA detects at least one seizure in 64, 54,
43, 38 babies at thresholds of 0.4, 0.5, 0.6, 0.7 respectively.

Seizure onset (h)
Seizure period (h)
Seizure burden (mins)
Seizure number (N)
Mean seizure duration (s)
Median seizure duration (s)

Fig. 6. Analysis of seizure detection rate with respect to seizure duration. (A) SDA
performance with respect to seizure duration over nine thresholds. (B) The
distribution of seizure durations throughout the concatenated recording.

which are useful for the purposes of seizure onset localisation, our
primary goal is seizure detection. A study by Tekgul et al. (2005)
comparing seizure detection between a full 10:20 montage and a
reduced 9 electrode set, found very few seizures were missed with
a sensitivity of 96.8% for the reduced montage compared to the full
set. The beneﬁts of using more electrodes must be weighed against

Median

IQR

ICC

SDA
threshold

15.1
26.3
81.1
35
169
124

(7.7–32.5)
(7.3–49.8)
(26.6–181.3)
(7–72)
(121–243)
(92–146)

0.722
0.802
0.859
0.930
0.511
0.323

0.4
0.6
0.5
0.4
0.5
0.7

the time and technical constraints to the NNU staff of applying
more electrodes out of hours.
We have found the performance of our algorithm to compare
favourably with those previously reported by others (Table 1),
although in previous papers not all metrics were reported for full
comparison. For example Gotman (Gotman et al., 1997) reported
a SDR of 66% with a FD rate of 2.3 FD/h. At a threshold of 0.3, the
SDA reported here achieved a higher SDR of 75% at a much lower
FD rate of 0.4 FD/h.
Navakatikyan (Navakatikyan et al., 2006), reported a SDR of 90%
at 2 FD/h. In comparison, at a threshold of 0.2 our system achieved
a slightly lower SDR rate of 85%, but with a much lower false detection rate of 1.2FD/h. In a clinical validation study of the
Navakatikyan algorithm, Lawrence (Lawrence et al., 2009) compared the output of the algorithm with 12 h recordings of conventional video-EEG, and found a seizure detection rate of 55% with a
false detection rate of 0.1 FD/h. This was quite different to the initial performance results (Navakatikyan et al., 2006). At a threshold
of 0.5, the system reported here achieved a slightly lower SDR of
53% but again with a lower FD rate of 0.04/h.
Deburchgraeve et al. (2008) initially reported an SDR of 85%
with a FD rate of 0.7FD/h. At a threshold of 0.2, our system
achieved a similar SDR of 86% with a higher FD rate of 1.2 FD/h.
However in a clinical validation of this algorithm, Cherian et al.
(2011) reported a lower SDR rate of 66% with a FD rate of
0.58 FD/h. At threshold 0.4 our system achieved only a slightly
lower SDR rate of 64.0% but with a considerably lower FD rate of
0.12 FD/h.
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Fig. 7. The accuracy of the SDA for the identiﬁcation of seizure and non-seizure
babies at several thresholds. There were 35 neonates with EEG evidence of seizure
and 35 neonates without EEG evidence of seizure. Clinical recognition is based on
AED administration and is superior to the SDA.

Fig. 8. Potential of the SDA to support decisions on AED administration. A total of
97 AED administrations were recorded. Of these, 78 were administered concurrently with EEG recording and 53 were concurrent with EEG seizures (seizures
occurring in the 90 min prior to AED adminstration). At a threshold of 0.5, 45 (85%)
AED administrations concurrent with EEG evidence of seizure and only 6 (24%) of
AED administrations with no EEG evidence of seizure would be supported by the
SDA.

The SDA presented by Mitra et al. (2009) gave a SDR of 80% with
a FD rate of 0.78 FD/h. The SDR is midway between the SDR rates
reported here at threshold 0.3 (75.0%) and 0.2 (85%) with FD rates
at 0.36 FD/h and 1.20 FD/h respectively, thus at 80% detection rate
our FD rate would be comparable to that of Mitra.
In this study, the performance of our SDA on an unseen dataset
mimicked the performance seen in the previous ‘leave one out’
cross validation (Temko et al., 2013). In ‘leave one out’ cross validation the data for each patient is tested using the data for all other
patients as training data for the algorithm and the process repeated
for each patient and the results averaged. These results suggest
ﬁrstly that the data set used to train the algorithm contained a representative population of seizure and background EEG patterns and
secondly that the SDA performs equally well on unseen data, as
will be encountered in clinical use.
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This study, in conjunction with the paper by Temko et al.
(2013), are also the ﬁrst papers to evaluate the SDA in a so-called
‘mismatch’ situation, where the seizure annotations of one expert
are used to train the algorithm and the annotations of another
expert are used to test the SDA. In addition, in this paper, we have,
for the ﬁrst time, tested the algorithm on data collected from two
different centres, CUMH and UCLH, with potential differences in
EEG application and recording. Given these two factors, the similarity of current SDA performance with previous performance
demonstrates a practically acceptable degree of robustness of the
algorithm.
The current performance, analysed with a very rigorous deﬁnition of true positive and true negative detections, was very good
for most babies with seizures (Fig. 5). Two seizure babies (25 and
26) had high false detection rates due to respiration and pulsatile
artefact. In future, it may be possible to teach clinical staff simple
artefact ‘‘pattern’’ recognition (Fig. 10) so that false detection
would not lead to overtreatment. For example, respiration and pulsatile artefact are both easily recognised as they are synchronized
to the respiration and ECG traces respectively and are invariant as
they do not show the evolving features of many seizures. Similarly
sweat artefact produces characteristic high amplitude,
semi-rhythmic slow waves spanning several seconds, a far slower
frequency than typical seizures. Indeed, the results of the pilot
study by Lawrence et al. in which pre-training was given, support
this with only 1 single dose of AED given inappropriately in 232
false detection events (Lawrence et al., 2009).
The analysis of AED administration has shown that on 25 occasions AEDs were given without EEG seizures in the preceding
90 min and that the SDA has the potential to support clinical decisions to reduce AED administrations with ‘non-concurrent’ seizures. We are not suggesting that in 25 cases AEDs were given
‘inaccurately’ by clinical staff, In only one case did we identify that
an AED had been given on clinical suspicion of seizure alone (without any EEG correlate at all). In most cases we suspect that there
was simply a delay in detection of seizure and AED administration
due to the nature of periodic EEG review which could potentially
have been reduced with the support of the algorithm alerting clinical staff earlier.
The performance of the SDA has been presented over a range of
sensitivity thresholds and the metrics used allow ‘best performing’
thresholds to be determined. However the choice of sensitivity
threshold used in a clinical environment is critically dependent
on the fact that best performing thresholds differ with tasks and
threshold choice is therefore dependent on the requirement of
the user. For example, the best performing threshold for detecting
the maximal number of seizure/non-seizure babies correctly
(Fig. 7) was threshold 0.8 while for supporting decisions regarding
AED administration (Fig. 8), thresholds of 0.5/0.6 were optimal. The
intra-class correlations in Table 6 show a variety of best performing thresholds for different parameters of interest. Notably, for
detecting seizure onset and seizure number, a threshold of 0.4 performed best. For the task of correctly detecting the greatest
‘amount’ of seizure/non-seizure activity (seizure burden), time
based analysis provides the most accurate measure and the
Kappa score comparing human and SDA annotations indicated that
the best performing threshold was also 0.4 (Kappa 0.630).
In clinical practice however, it is not likely that clinicians will be
concerned with accurately detecting every single second of each
seizure and are likely to care most that the SDA makes ‘some’
detection during a seizure and that overall the output of the SDA
most accurately represents the numbers of seizures occurring with
an acceptable false detection rate. This would allow treatment to
be titrated to the presence of ongoing seizures, and in this respect
the event based metrics may be of more interest clinically. The
concept of what is deemed acceptable in terms of the rate of false
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alarms is also dependent on user preference and may vary between
users, affecting the choice of sensitivity threshold.
We consider the output from the SDA at thresholds from 0.5 to
0.3 to be within a clinically acceptable range, giving detection rates
between 52.6% and 75.0% with false detections, on
average, approximately every 20 and 3 h respectively (Table 5B).

This range is proposed on the basis of a perceived expectation that
a minimum of 50% seizure detection is required and that a
false detection rate of greater than 0.5/h might be considered
excessive.
The data presented here represents only one stage in the assessment of the SDAs performance which will be further tested in a

(A)
Short seizures

(B)

Fig. 9. Seizures missed by the SDA. (A) Brief 30 s seizure. 0 of 4 seizures were detected in this record (thr 0.5), though the algorithm output would cause the clinician to
interrogate the EEG at various points despite the fact that the ﬁxed threshold was not reached. (B) Subtle, dysrhythmic 2 min seizure with complex morphology, 0 of 1
seizures were detected in this record (thr 0.5). (C) Low amplitude seizure, 31 of 55 seizures were detected in this record (note. Non detected seizures produce clear peaks on
the probability trace for interrogation).
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(C)
Undetected
seizures

Detected
seizures

Fig. 9 (continued)

‘live’ multicentre randomised clinical evaluation (the ANSeR study
– Algorithm for Neonatal Seizure Recognition http://clinicaltrials.gov/show/NCT02160171). For this study the threshold will be
preset at 0.5 for purposes of equivalence across participating
centres.

(A)

It is important to state that the SDA is not intended to replace
clinician’s review of the EEG or to be viewed as a ‘decision maker’
with regard to the presence, or not, of seizures. Its purpose is only
to highlight areas of interest for further review. In this respect, a
crucial aspect of the algorithm’s output is the graph of the

False detecons due
to persistent
respiraon artefact

Respiraon artefact on
EEG synchronized with
respiraon trace

Fig. 10. Causes of false detection. (A) Respiration artefact. Upper panel shows output from SDA, lower panel shows rhythmic respiration artefact on EEG synchronized with
respiration trace (from motion sensor). (B) Pulse artefact synchronized to ECG trace. (C) Sweat artefact with characteristic high amplitude semi-rhythmic slow waves
spanning several seconds. (D) Highly rhythmic background EEG occurring in the intermediate sleep phase. Note how periodic episodes of intermediate/quiet sleep indicated
by the CFM are coincident with periods of raised seizure probability output on the SDA graph and a highly rhythmic EEG in the lower panel.
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(B)

False detecons
due to persistent
pulse artefact

Seizures

Pulse artefact
synchronized
with ECG trace

Fig. 10 (continued)

(C)

Fig. 10 (continued)
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(D)

Highly rhythmic
EEG

Fig. 10 (continued)

probability of seizure. A clinician reviewing the output of the SDA
at the cotside is likely to interrogate both prominent peaks that
breach the threshold on the graph and others that do not (eg.
Fig. 9c). With a ‘‘pattern recognition’’ support package, the ability
of clinicians to differentiate seizures from artefacts can, potentially,
be improved. For these reasons, the role of the reviewer is central
to the interpretation of the output of the SDA and consequently
how many seizures, false detections, seizure babies and
non-seizure babies are identiﬁed correctly. Our intention is that
the seizure detection performance of clinicians with the assistance
of our algorithm will be superior to the algorithm’s simple binary
‘alerts’ based on ﬁxed thresholds presented here.

5. Conclusion
We have validated a neonatal SDA on a large EEG dataset and
have shown that it achieves a clinically useful level of seizure
detection with acceptable false detection rates. Future
multi-centre evaluation of the SDA in a ‘live’ clinical environment
will critically investigate the clinician’s interpretation of the full
SDA output to determine the usefulness of the SDA in the NICU.
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h i g h l i g h t s
 A novel method for in-depth analysis of neonatal seizure detection algorithms is proposed.
 The analysis estimated how seizure features are exploited by automated detectors.
 This method led to significant improvement of the ANSeR algorithm.

a b s t r a c t
Objective: To describe a novel neurophysiology based performance analysis of automated seizure
detection algorithms for neonatal EEG to characterize features of detected and non-detected seizures
and causes of false detections to identify areas for algorithmic improvement.
Methods: EEGs of 20 term neonates were recorded (10 seizure, 10 non-seizure). Seizures were annotated
by an expert and characterized using a novel set of 10 criteria.
Methods: ANSeR seizure detection algorithm (SDA) seizure annotations were compared to the expert to
derive detected and non-detected seizures at three SDA sensitivity thresholds. Differences in seizure
characteristics between groups were compared using univariate and multivariate analysis. False detections were characterized.
Results: The expert detected 421 seizures. The SDA at thresholds 0.4, 0.5, 0.6 detected 60%, 54% and 45%
of seizures. At all thresholds, multivariate analyses demonstrated that the odds of detecting seizure
increased with 4 criteria: seizure amplitude, duration, rhythmicity and number of EEG channels involved
at seizure peak. Major causes of false detections included respiration and sweat artefacts or a highly
rhythmic background, often during intermediate sleep.
Conclusion: This rigorous analysis allows estimation of how key seizure features are exploited by SDAs.
Significance: This study resulted in a beta version of ANSeR with significantly improved performance.
Ó 2016 International Federation of Clinical Neurophysiology. Published by Elsevier Ireland Ltd. This is an
open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction
Full term neonates with neurological conditions such as
hypoxic-ischaemic encephalopathy (HIE), stroke and meningitis
are at high risk of developing seizures. There is accumulating evidence from animal models (Wirrell et al., 2001) and human studies
(Glass et al., 2009) that neonatal seizures impose additional damage to the brain above and beyond the underlying aetiology.
⇑ Corresponding author at: Academic Research Department of Neonatology,
Institute for Women’s Health, University College London, London, United Kingdom.
Tel.: +44 207 679 46036.
E-mail address: sean.mathieson@uclh.nhs.uk (S. Mathieson).

Prompt detection and treatment of seizures is therefore of paramount importance to optimize developmental outcome.
Clinical diagnosis of seizures is challenging, partly because
clinically silent seizures can represent up to 85% of the total seizure
burden (Bye and Flanagan, 1995) and over diagnosis based on
clinical signs alone is common (Murray et al., 2008). Amplitudeintegrated EEG (aEEG) is used in many neonatal intensive care
units (NICUs), however comparison of seizure detection using
EEG and aEEG has shown that many seizures seen on EEG are
missed using aEEG alone (Rennie et al., 2004; Bourez-Swart et al.,
2009).
It is now generally accepted that EEG is the only reliable means
of accurately detecting all seizures in neonates and neonatal
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1388-2457/Ó 2016 International Federation of Clinical Neurophysiology. Published by Elsevier Ireland Ltd.
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intensive care units are increasingly adopting prolonged EEG
monitoring. These recordings may last hours or days, particularly
for neonates with HIE who are cooled for 72 h. Although
therapeutic hypothermia has been shown to reduce the seizure
burden in this group (Low et al., 2012), seizures remain a problem.
EEG is a complex signal that is prone to rhythmic artefacts which
can mimic seizure patterns and requires highly trained experts to
review and identify seizures. Experts are generally not available
during unsociable hours and NICU staff generally lack EEG training
and many feel unsupported in interpretation (Boylan et al., 2010).
There is a high risk of both over and under diagnosis of seizures in
neonates in the NICU.
There is therefore a pressing need to develop a reliable and robust
automated seizure detection method for full multi-channel neonatal
EEG. To meet this need, a novel automated seizure detection algorithm (SDA) has been developed for term neonates by our group
(Mathieson et al., 2016), which is based on analyzing 55 features of
seizures and using a support vector machine classifier for decisionmaking (Temko et al., 2011a). This algorithm (ANSeR) is currently
undergoing clinical validation in NICUs across Europe in the ANSeR
study (https://clinicaltrials.gov/ct2/show/NCT02160171).
In assessing the basic performance of SDAs engineers typically
tend to produce ‘event’ based metrics including the percentage of
seizures detected (seizure detection rate) and false detection rates,
commonly quoted as false detections per hour (FD/hr). They may
also use ‘epoch’ based metrics by segmenting the EEG to derive values for sensitivity (the amount of correctly identified seizure activity or seizure burden) and specificity (the amount of correctly
identified non-seizure activity) (Temko et al., 2011b). While this
primary analysis is essential, to fully understand the strengths
and limitations of SDA performance and make informed modifications to improve performance, it is necessary to understand the
characteristics or ‘nature’ of the seizures being missed, the specific
causes of false detection and their relative contribution to the sum
of false detections. Electrophysiologists, with an expert knowledge
of neonatal EEG and the recording conditions in the NICU, are well
placed to perform this type of analysis.
Although several algorithms have already been developed to
automatically detect neonatal seizures, detailed analysis of this kind
is often only anecdotally or partially discussed in previous performance assessment papers (Altenburg et al., 2003; Aarabi et al.,
2006; Navakatikyan et al., 2006; Deburchgraeve et al., 2008; Mitra
et al., 2009; Temko et al., 2011a; Mathieson et al., 2016).
The aim of this study was to introduce a comprehensive
methodology for SDA performance analysis taking an electrophysiological approach by manually scoring multiple features of each
seizure and examining differences in these features between
detected and non-detected seizure groups and also fully characterizing and grouping all false detections and types of artefact when
present. In this work the alpha version of the ANSeR algorithm
was used as an example. The analysis of seizure features included
initial univariate then multivariate analysis in order to assess
whether a particular seizure feature was a determinant of seizure
detection after the other features had been controlled for. This
was done to identify areas for targeted improvement of the alpha
version of the algorithm during the process of SDA development.

2. Methods
2.1. Automated seizure detection algorithm
A detailed description of the original alpha version of our SDA is
given by Temko et al. (2011a). The EEG for each channel is initially
pre-processed including filtering, artefact removal and segmentation into epochs. During the preprocessing step, simple high fre-
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quency artefacts are automatically removed by applying a
threshold to the signal energy. Fifty-five features of the EEG are
then extracted and the feature vectors fed into a support vector
machine (SVM), a learning algorithm that has been pre-trained
on EEG data containing seizures. The SVM outputs are converted
using a sigmoid function into a probability of seizure between 0
and 1 for each epoch. The probability output is then smoothed
by a moving average filter and compared to a threshold. Using
the reader interface (Fig. 1) the threshold can be manually varied
between 0 and 1 at intervals of 0.1. Comparison of the SVM probability output with the threshold is then converted into binary
decisions, initially for each channel, then for all channels. The output has now been incorporated into a custom reader shown in
Fig. 1. The EEG reader displays the EEG and the upper portion displays a graph showing the probability of seizure with the adjustable threshold, above which a seizure is classified (red) if breeched
by the probability trace. The adjustable threshold allows the sensitivity of the algorithm to be manipulated to accommodate patients
with high levels of artifact and false detection rates. The time,
channel and duration of seizure are displayed and exportable as
a text file.
2.2. EEG recording
EEG recordings on 20 term neonates, 10 with seizures and 10
seizure-free, were recorded in the neonatal units at University College Hospital, London and University College Hospital, Cork, Ireland. These 20 neonates were drawn as the first 20 cases from a
randomized list of 70 neonates used in another study to validate
standard performance metrics of the SDA (Mathieson et al.,
2016), recorded between January 2009 and October 2011. Recordings were made using the NicoletOne monitor (Carefusion, Wisconsin, USA) using the 10:20 recording system adapted for
neonates, using the following electrodes F4, F3, T4, T3, C4, C3, CZ,
O2 and O1. The EEG was recorded at a sampling rate of 250/s or
256/s and with a filter bandwidth of 0.5–70 Hz and displayed using
a bipolar montage.
2.3. Seizure analysis
All seizures were annotated on the original Nicolet EEG file at
the beginning and end by an experienced electroencephalographer
(SM) and the annotation list, which includes a quantification of seizure duration based on the annotations, was exported as a text file,
which was then imported into Excel for further analysis. EEGs were
identified by SM by reviewing the entire EEG page by page and seizures identified on the basis of electrographic evidence. Seizures
annotated by SM were verified by a clinical neurophysiologist
(RMP), blinded to patient details, by reviewing the EEG at the time
of the annotation by SM. All recordings were also analyzed by the
SDA (alpha version) post acquisition and text files of the SDA annotations for onset time, duration and channel of peak detection
exported for three sensitivity thresholds (0.4, 0.5 and 0.6). From
visual observation these were thought to include the most clinically relevant detection thresholds i.e. maximum number of detections with acceptable false detection rates.
The seizure annotations of SM were taken as the ‘gold standard’
for seizure detection. Seizure annotations were compared with
those of the SDA to divide seizures into 2 groups, namely those
detected and non-detected by the SDA. False detections were also
separated for later classification.
Prior to determining which seizures were/were not detected by
the SDA, all seizures detected by SM were individually quantified/
scored under 10 criteria outlined in Table 1 for later comparison
between the two groups of detected and non-detected seizures
by the ANSeR SDA. In particular, seizure features analyzed included
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Fig. 1. Automated seizure detection algorithm. Lower panel shows EEG reader displaying a seizure. Upper panel shows output of SDA. Blue trace is a graph of the
probability of seizure. When the trace breeches an adjustable sensitivity threshold a seizure is designated, the trace turns red and an annotation of seizure time and
duration is created.

seizure signal signature features (1–5), temporal context or evolution of seizure (6–8) and seizure spatial context (9–10). Criteria for
seizure morphology categorization and background pattern were
adapted from Patrizi et al. (2003).
2.4. Statistical analysis

(REC reference number: 09/H0703/97) and by the Clinical Research
Ethics Committees of the Cork Teaching Hospitals. Written
informed consent was obtained from one parent of each neonate
who participated in the study.
3. Results

Univariate and multivariate mixed effects logistic regression
analyses were performed to investigate and quantify the effects
of seizure features on seizure detection. In the models, features
were included as fixed effects and Baby ID as a random effect.
The diagnostic accuracy of the models was assessed using the area
under the receiver operator characteristic curve (AUC) and the corresponding 95% confidence interval (CI). Features that were statistically significant in the univariate analysis were candidate
variables for the multivariate analysis. The features included in
the final multivariate model were selected using backward stepwise deletion. Collinearity among the features was investigated
prior to inclusion in the multivariate model and when collinearity
was an issue, the feature with the highest AUC in the univariate
analysis was included. Results are presented as odds ratios (OR)
and 95% confidence intervals. The Mann–Whitney U test was used
to compare the distribution of false detection rates between seizure and non-seizure neonates. Separate analyses were performed
for each threshold. Statistical analysis was performed using Stata
13.0 (Texas, USA). All tests were two-sided and a p-value < 0.05
was considered to be statistically significant.

There were 421 seizures initially detected in a total of 1262.9 h
of EEG (mean 63.1). RMP confirmed seizures in 419 of the 421
events annotated by SM (99.76%). The seizure detection/false
detection rates for the SDA for seizure neonates are given in Supplementary Table S1a and the false detection rates for nonseizure neonates are given in Supplementary Table S1b. At lower
thresholds (higher sensitivity) more seizures were detected but
the false detection rate is also higher. Seizure detection rates and
false detection rates fall as the sensitivity is decreased (threshold
raised). False detection rates between seizure and non-seizure neonates were not significantly different at the 3 thresholds tested
(threshold 0.4 p = 0.579, threshold 0.5 p = 0.280, threshold 0.6
p = 0.218).

2.5. False detections

3.3. Seizure features as predictors of automated seizure detection

False detections (FD), defined as where the SDA had made a
detection at the three SDA thresholds analysed that were not coincident with the seizure annotations of SM, were characterized and
grouped under the following categories; respiration artefact, ECG/
pulse artefact, chewing/sucking artefact, bad/loose electrode artefact, patient movement (including patting/stroking), electronic
equipment artefact, sweat artefact, unclassified artefact, false
detection with no obvious artefact. Where no artefact was detected
during a false detection, a description of the EEG during the false
detection was given under the headings; normal background;
highly rhythmic EEG background, sharp waves, low amplitude EEG.

The results of the univariate and multivariate analysis of seizure
features as predictors of seizure detection for the three SDA sensitivity thresholds analysed are given in Table 3.
In the univariate analysis, for all 3 thresholds tested, 8/10 of the
seizure features were a significant predictor of automated seizure
detection. Higher peak amplitude, more frequency variability and
rhythmicity and greater seizure duration and numbers of channels
at seizure onset and seizure peak and change in morphology from
start to peak of seizure were associated with increased odds of seizure detection. Seizure morphology at seizure peak was also a significant predictor of seizure detection. The odds of seizure
detection was significantly higher in the spike and wave/sharp
wave and slow wave complex (SP + W/SH + W) group compared
to the rhythmic delta discharge (RDD) group at all thresholds. At
threshold 0.6, the odds of seizure detection was also significantly
higher in the sharp wave (SH) group compared to the rhythmic

2.6. Ethical approval
Ethical approval was obtained for this study from the UCLH
trust and the East London and the City Research Ethics Committee

3.1. Patients
Patient demographics are shown in Table 2.
3.2. Seizure detection and false detection rates
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Table 1
Seizure assessment criteria.
Variable group

Variable

Measurement
type: quantitative/
visual analysis

Measurement
unit

Method/category

Purpose/comment

Seizure
signature

Seizure amplitude at
peak of seizure

Quantitative

l V2

To quantify the maximum seizure
amplitude

Seizure
signature

Rhythmicity score

Visual

Number

Seizure
signature

Background EEG
score at time of
seizure

Visual

Number

Seizure
signature

Seizure morphology
at onset

Visual

Category

Seizure
signature

Seizure morphology
at peak of seizure

Visual

Category

Measure peak to trough using
graticule on highest amplitude
discharge at midpoint of seizure
1 = significant dysrhythmia
2 = minimal dysrhythmia
3 = highly rhythmic
1 = normal
2 = moderate abnormality
3 = severe abnormality
*
see below
1 = rhythmic discharges of delta (RDD)
2 = rhythmic discharges of theta (RDT)
3 = rhythmic discharges of alpha
(RDA)
4 = spikes (S) or sharp waves (SH)
5 = sharp wave and slow wave (SH
+ W) complexes or spike and wave
complexes (SP + W)
*
see below
As above

Short-term
temporal
context or
evolution
Short-term
temporal
context or
evolution

Seizure duration

Quantitative

Seconds

Duration derived from SM annotations
of start/end of seizure

Frequency variability
(over whole seizure)

Quantitative

SD (Hertz)

To derive an estimate of the degree of
frequency variability over the span of the
seizure

Short-term
temporal
context or
evolution
Spatial context

Seizure morphology
change from onset to
peak

Quantitative

Binary Y/N

Using frequency graticule calculate
discharge frequency at:
A = start frequency (first 5 s)
B = peak frequency (mid seizure)
C = final frequency (last 5 s)
Frequency variability = standard
deviation A:C
Comparison of seizure morphology at
start and peak

Number of EEG
channels involved at
onset of seizure
Number of EEG
channels involved at
peak of seizure

Visual

Number

Count of number of EEG channels
showing seizure discharges

To estimate the size of the seizure field at
the start of the seizure

Visual

Number

Count of number of EEG channels
showing seizure discharges

To estimate the size of the seizure field at
the peak of the seizure

Spatial context

*

Visual score of how rhythmicity/
frequency appears to change from second
to second over the seizure
To highlight context in which seizure are
detected/not detected

To categorize dominant morphology of
seizure discharge at onset

To categorize dominant morphology of
seizure discharge at peak (middle) of
seizure
To quantify seizure duration

To assess change/variability of seizure
morphology within seizure

Adapted from Patrizi et al. (2003).

Table 2
Patients included in the study. HIE – hypoxic ischemic encephalopathy, MCA – middle cerebral artery, MAS – meconium aspiration syndrome, PPHN – persistent pulmonary
hypotension, Pb – Phenobarbitone, Mdz inf – Midazolam infusion, Ptn – Phenytoin.
Patient

Electrographic seizures Y/N

Aetiology

Gestational age

Gender

Anti-epileptic medication

Morphine Y/N

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

Y
Y
Y
Y
Y
Y
Y
Y
Y
Y
N
N
N
N
N
N
N
N
N
N

HIE grade 2
HIE grade 3
MAS, PPHN
Stroke
Intraparenchymal haemorrhage
Subdural haemorrhage
HIE grade 2
Septic emboli ? Encephalitis
Right MCA stroke
Left haemorrhagic infarction
HIE grade 1
Birth asphyxia
HIE grade 1
HIE grade 1
MAS
HIE grade 1
HIE grade 2
HIE grade 2
HIE grade 1
HIE grade 2

40 + 4
40 + 0
40 + 5
39 + 2
41 + 2
41 + 0
40 + 3
39 + 3
40 + 3
39 + 2
39 + 3
41 + 6
41 + 6
41 + 4
41 + 0
41 + 2
41 + 4
39 + 1
38 + 2
41 + 2

F
M
F
M
F
M
F
M
M
M
F
M
F
F
F
M
M
M
F
F

2 * Pb
2 * Pb,
Nil
2 * Pb,
Pb
3 * Pb
Pb
2 * Pb,
2 * Pb,
2 * Pb
Pb
Nil
Nil
Nil
Nil
Nil
Nil
Nil
Nil
Pb

N
Y
Y
N
N
N
N
N
N
N
N
N
N
N
Y
N
N
Y
N
Y

Mdz inf
Ptn

Mdz inf
Mdz inf
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Table 3
Univariate and multivariate mixed effects logistic regression analysis investigating seizure features associated with seizure detection.

Outcome: seizure
detected
Peak amplitude

Highly rhythmic
Seizure morphologyonset
RDD
RDT
RDA
SH
SH + W or SP + W
Seizure morphologypeak
RDD
RDT
SH
SH + W or SP + W

Threshold 0.5: logistic regression analysis

Univariate analysis

Univariate analysis

OR

(95% CI)

1.04

(1.03–1.05)

pvalue
<0.001

1.55

(1.28–1.88)

<0.001

1.76

(1.46–2.13)

<0.001

OR

(95% CI)

1.02

(1.01–1.04)

1.46

(1.14–1.86)

<0.001
1
2.9
14.87

(7.07–
31.25)

0.002

(95% CI)

1.03

(1.03–1.04)

pvalue
<0.001

1.6

(1.31–1.94)

<0.001

1.79

(1.50–2.13)

<0.001

4.96

(1.08–5.75)
(1.93–
12.78)

1
2.46
3.64
0.67
0.88

1.85
5.38

1
3.23

Frequency variability

19.46

10.2

1
1.96
3.8
0.81
1.09

(5.21–
19.98)

1
1.21
2.51
5.43

<0.001

0.002

(95% CI)

1.02

(1.01–1.02)

pvalue
<0.001

1.43

(1.19–1.71)

<0.001

1.68

(1.43–1.98)

<0.001

<0.001

4.43

(1.91–
10.24)

8.2

(1.79–4.24)

3.58

(1.32–9.66)

0.012

3.65

(2.05–6.48)

<0.001

1
0.93
1.06
1.02

1.02

(1.01–1.03)

1
1.87
2.74
0.8
1.2

(1.01–
1.02)

1.35

(1.07–
1.70)

(4.13–
16.26)

pvalue
<0.001

0.011
0.015

3.03

(0.58–
3.56)
(1.21–
7.60)

(0.78–4.48)
(0.32–
23.14)
(0.41–1.57)
(0.70–2.03)
<0.001

1
1.33
3.33
7.68

(0.18–9.63)
(1.14–9.72)
(3.20–
18.46)

0.012
1
2.33

(1.21–4.48)

<0.001

<0.001

1.01

1
1.43

(1.49–5.72)

<0.001
1
2.31

(1.50–3.56)

2.54

(1.64–3.93)

0.946
(0.52–1.64)
(0.39–2.91)
(1.02–1.03)

(95% CI)

0.501

(0.94–6.67)
(2.46–
12.02)

1
2.75

OR

<0.001
1
2.92

(0.69–3.45)

<0.001

(2.01–5.19)

(0.45–1.60)
(0.25–3.82)
(1.02–1.03)

(1.15–1.86)

(0.18–8.36)

0.873
1
0.85
0.98
1.02

1.46

(0.78–4.93)
(0.81–
17.88)
(0.49–1.35)
(0.68–1.74)

<0.001

EEG background

(1.01–1.03)

Multivariate analysis

OR

<0.001

(0.66–
84.06)
(0.70–4.84)
(2.45–
11.78)

<0.001

1.02

Univariate analysis
pvalue
<0.001

0.176

(0.68–8.84)
(0.36–
36.39)
(0.30–1.49)
(0.49–1.58)

(8.35–
45.33)

(95% CI)

1
1.54

(1.58–5.38)

<0.001
1
7.46

OR

<0.001
1
2.92

Threshold 0.6: logistic regression analysis

Multivariate analysis

OR

0.004
1
2.49

(1.57–5.38)

pvalue
<0.001

0.329

Change in morphologystart to peak
No
Yes

Normal
Mildly abnormal
Severely abnormal
Seizure duration (secs)

Multivariate analysis

0.035
1
2.02

(1.05–
3.88)

<0.001
0.656

1.02

(1.01–1.02)

<0.001

1
1.32
1.28
1.02

(0.72–2.41)
(0.41–3.98)
(1.02–1.03)

<0.001

1.02

(1.01–
1.02)

<0.001

(1) Features with p > 0.05 in the univariate analysis were excluded from the multivariate analysis. (2) The multivariate model was selected using backward stepwise deletion. (3) The variable ‘‘Number of channels at seizure onset”
was not included in the multivariate model due–colinearity with the feature ‘‘Number of channels at seizure peak”.
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Number of channelsseizure onset
Number of channelsseizure peak
Rhymicity
Significant dysrhythmia
Minimal dysrhythmia

Threshold 0.4: logistic regression analysis
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delta discharge (RDD) group. Seizure duration had the highest AUC
across all thresholds (Supplementary Table S2).
Multivariate analysis was performed to determine if a particular
feature remained a significant predictor of automated seizure
detection after controlling for the other features. Collinearity was
an issue between the seizure features ‘‘number of channels at seizure onset” and ‘‘number of channels at seizure peak” and hence
only number of channels at seizure peak was included in the multivariate analysis, as this had the higher AUC in the univariate analysis. For all 3 thresholds tested, four of the features; seizure
duration, amplitude, rhythmicity and number of EEG channels
involved in the seizure at peak of seizure, were statistically significant predictors of seizure detection. Higher peak amplitude, more
rhythmicity and greater seizure duration and numbers of channels
at seizure peak were associated with increased odds of seizure
detection. For thresholds 0.5 and 0.6, change in morphology from
start to peak of seizure was also associated with increased odds
of seizure detection. For threshold 0.4, higher frequency variability
was associated with increased odds of seizure detection.
The AUCs (95% CI) for the multivariate model at all 3 ANSeR
sensitivity thresholds was significantly better (threshold 0.4
p < 0.001, threshold 0.5 p < 0.001, threshold 0.6 p = 0.023) than
the highest AUC in the corresponding univariate analysis (seizure
duration) as shown in Supplementary Table S2, suggesting high
accuracy of the multivariate model.
Typical examples of detected seizures and non-detected seizures are shown in Fig. 2.
3.4. Categorization of false detections
The results of the categorization of false detections are shown in
Table 4. For the 3 thresholds tested, respiration artefact was the
most common cause of false detection followed by ‘no artefact
identified’ and then sweat artefact. When false detections occurred
and no artefact was identified, the background was often (approx-
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imately 59–65%) classified as highly rhythmic. Pulse/electrocardiogram artefact and movement/handling artefact also contributed to
considerable numbers.
The distribution across patients of the three most prevalent
causes of false detections for sensitivity threshold at 0.4 (Fig. 3a)
was not evenly spread and often a single patient recording was
responsible for the majority of false detections in certain categories. For example 232/278 (83.5%) of false detections due to respiration artefact were seen in patient 2 and 104/149 (69.8%) of
false detection due to sweat artefact were seen in patient 15. False
detections where no artefact was identified (most often a highly
rhythmic background EEG) were more distributed across several
patients.
Fig. 3b indicates how the number of false detections vary with
SDA threshold sensitivity (0.4 = most sensitive, 0.6 = least sensitive) for the 3 most common causes. As expected, the number of
false detections decreases as the sensitivity threshold increases
(SDA becomes less sensitive). False detections due to respiration
artefact show a moderate drop off with decreasing sensitivity
while sweat and ‘no artefact detected’ false detection rates drop
much more sharply with decreasing SDA sensitivity. The different
rates of false detection drop-off are due to these waveforms generating different SDA seizure probability levels. For example, respiration artefact is a highly rhythmic artefact, closely mimicking
seizure morphology, often resulting in high seizure probability
output from the SDA (Fig. 4a) whilst sweat artefact is a semirhythmic intermittent artefact generally producing a lower seizure
probability (Fig. 4b) thus as the sensitivity threshold is raised, a
greater relative proportion of false detections remain under the
threshold.
4. Discussion
This study sought to define a set of comprehensive criteria
(Table 1) to analyse the characteristics of neonatal seizures to

Fig. 2. Typical detected/non-detected seizures. (A) Detected seizure- high amplitude, generalised, evolves from rhythmic delta discharges to sharp and slow wave complexes.
(B) Non-detected seizure- low amplitude, no change in morphology or frequency, some dysrhythmia, single EEG channel.
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Table 4
Results of categorization of false detections. FD false detection. Numbers represent numbers of false detections for each category. Percentages in columns 2–8 represent
percentage of overall false detections for each category. Where no artefact was identified on the EEG at the time of the false detection (column 8), a description of the background
is given in column 9 (FD No artefact: comment). The percentages and numbers in column 9 therefore represent a breakdown of the totals in column 8.
SDA
threshold

FD respiration
artefact

FD ECG/Pulse
artefact

FD bad
electrode
artefact

FD head movement /
Handling artefact

FD sweat
artefact

FD unclassified
artefact

FD No artefact
identified

FD No artefact:
comment

0.4

278 (34.7%)

34 (4.2%)

21 (2.6%)

57 (7.1%)

160
(19.9%)

29 (3.6%)

221 (27.6%)

0.5

249 (47.9%)

42 (8.1%)

11 (2.1%)

16 (3.1%)

97 (18.7%)

19 (3.7%)

96 (18.5%)

0.6

221 (64.6%)

43 (12.5%)

4 (1.2%)

4 (1.2%)

14 (4.1%)

10 (2.9%)

46 (13.5%)

132 (59.73%) Highly
rhythmic EEG,
67 (30.32%) normal
background,
20 (9.05%) sharp
waves,
2 (0.9%) low
amplitude EEG
55 (57.29%) Highly
rhythmic EEG,
25 (26.04%) normal
background,
15 (15.63%) sharp
waves,
1 (1%) low amplitude
EEG
30 (65.22%) Highly
rhythmic EEG,
11 (23.91%) normal
background,
5 (10.87%) sharp
waves

determine how the variability of these characteristics affected seizure detection of the SDA and to identify the key seizure features
which were not exploited and main causes of false detections in
order to identify areas for targeted improvement of the algorithms
performance.
In previous SDA performance analysis studies, authors tend to
only give anecdotal examples of missed seizures for their algorithms (Navakatikyan et al., 2006; Deburchgraeve et al., 2008),
often described as short, arrhythmic, low amplitude or focal.
Others have only examined the effect of a single parameter, seizure
duration, on detection rate. Altenburg (Altenburg et al., 2003)
found that their algorithm only detected seizures that were over
100 s in length. Assessments of the ANSeR algorithm (Temko
et al., 2011a; Mathieson et al., 2016) similarly found that the poorest detection performance occurred when seizures were shortest
(<1 min). Mitra (Mitra et al., 2009) gave more quantification
describing missed seizures as either slow (>0.4 Hz) pseudosinoidal
discharges (30%), high frequency (>6 Hz) with a depressed background (2%), arrhythmic spikes with a depressed background
(15%) or short duration seizures (<20 s) in patients with longer seizures (53%).
Similarly, in terms of sources of false detection, authors only
give subjective examples or descriptions. Aarabi (Aarabi et al.,
2006) cited electromyogram, patient and electrode movement
and signal saturations, while Deburchgraeve (Deburchgraeve
et al., 2008) cited bed heater electrical artefact, ventilator or respiration artefacts or background rhythmicity as common sources of
false detection. Others again gave some quantification of false
detections; Mitra (Mitra et al., 2009) divided false detections into
four groups; ‘rhythmic background’, ‘single channel’, ‘noisy data’
and ‘artefacts’. Temko et al. (2011a) similarly divided false detection into 3 groups; ‘artefact free background activity (50%), ‘artefacts’ (45%) and ‘seizure-like’ activity (5%) describing the most
common forms of artefact causing false detection as ‘electrode disconnect’ (a slow semi-rhythmic high amplitude signal), ‘respiration artefact’ and ‘patient movement/handling artefact’. These
authors however did not provide a quantitative breakdown of
the relative contributions of specific artefacts to false detection
rates. Some breakdown was given by Navakatikyan et al. (2006)

stating that 39% of false detections were attributable to respiration
or electrocardiogram/pulse artefact with rhythmic background
theta activity causing a further 14% of false detections and ‘electrodes off’ artefact causing a further 15%.
Using the proposed methodology, the performance analysis of
the ANSeR SDA presented in this study is in line with previous
analysis (Temko et al., 2011a; Mathieson et al., 2016); as the SDA
threshold is raised, seizure detection and false detection rates drop
and there will always be a trade-off between picking a threshold
that detects a satisfactory number of seizures whilst having an
acceptable false detection rate. As the purpose of such an algorithm
ultimately is to alert the clinical team to the presence of seizures,
this trade off of which threshold is clinically acceptable can only
really be tested in a clinical setting. However, this is the first study
to provide an estimate of the contributions of key seizure features
to detector’s behaviour.
The multivariate analysis in this study has shown that only four
seizure features were consistent predictors of automated seizure
detection across all three ANSeR sensitivity thresholds tested
including: signal amplitude, the apparent rhythmicity of seizures
from second to second, seizure duration, and the number of EEG
channels involved in the seizure at the peak of seizure.
It is interesting to see that two of the four criteria come from
the seizure signal signature group (Table 1). In fact, the ANSeR software relies on 55 features computed from the EEG signal that can
be seen as universal EEG signal descriptors. Many of these features
are energy-dependent and employ direct measures of amplitude
such as root mean squared (RMS) amplitude and methods of spectral analysis during feature extraction such as total power and
band power, where power is the square of the EEG amplitude. Thus
seizure amplitude is expected to affect seizure detection rates.
Similarly, the increased rhythmicity of seizures from second to
second as a predictor of seizure detection is in keeping with the
findings of Mitra et al. (2009) and is expected as the SDA is tuned
to detect distinct rhythms that stand out from the background. For
example the ANSeR algorithm employs several measures of
entropy at the feature extraction stage on the premise that
background EEG with high complexity will have high entropy
while seizures with a small number of dominant rhythms will have
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Fig. 3. (A) Distribution of common causes of false detections. (B) Change in number of false detection with sensitivity threshold for the 3 main causes of false detection.

low entropy. Increased dysrhythmia in the seizure will increase the
entropy and make it more similar to the background.
The fact that the longer seizure duration and the increased
number of EEG channels involved at the seizure peak predicts
increased automated detection has previously been reported
(Altenburg et al., 2003; Navakatikyan et al., 2006; Deburchgraeve
et al., 2008; Mitra et al., 2009). This observation is thus related to
the computed metric rather than to the algorithmic solution.
Indeed, a seizure is claimed to be detected if it is detected anywhere within the spatio-temporal manifold. For example, a 5 min
long fully generalized seizure will be claimed detected if it is
detected for only, say, 30 s in a single EEG channel. This clinically
driven metric implies that increasing the number of involved channels and duration of seizure will statistically increase the chances
of the seizure to be detected regardless of the content of the SDA.
Interestingly, most of the temporal context group from Table 1
were not found to be a predictor of the seizure consistently across
different thresholds which clearly identifies the information that is
currently not exploited in the detector. The key seizure features in
this group such as increased frequency variability over the span of
the seizures, change in seizure morphology (rhythmic delta to

spike and wave/sharp wave and slow wave complexes) from start
to peak of seizure characterize increased variability within a seizure event. On the contrary, the ANSeR SDA analyses 8 s overlapping EEG segments and changes of these two features within a
given epoch are likely to be minimal as these changes tend to
evolve gradually over time. Clearly, the short-term classification
algorithm misses the information that is observable on a larger
temporal scale in terms of the morphology change from rhythmic
delta at the start of the seizure evolving to a spike and wave/sharp
wave and slow wave morphology at the peak, and that is another
potential area for improvement.
Fig. 2a shows a detected seizure which is highly rhythmic, of
high amplitude, involves multiple EEG channels and evolves in
morphology from a rhythmic delta to sharp wave and slow wave
complexes. In contrast, a typical non-detected seizure (shown in
Fig. 2b) is of shorter duration, lower amplitude, not changing in
morphology, has a degree of dysrhythmia and only involving a single EEG channel.
Ultimately, these results suggest that the SDA should detect
major seizures and may miss short, low amplitude seizures of
arguably less clinical relevance.
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Fig. 4. Effects of respiration and sweat artefacts on seizure probability output. (A) Highly rhythmic respiration artefact (lower panel) produces high probability peaks on SDA
output graph (upper panel). (B) Intermittent semi-rhythmic slow sweat artefact on EEG (lower panel) produces a lower seizure probability output on graph (upper panel).
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If only a proportion of seizures are detected by the SDA and only
a proportion are detected using aEEG, one might well ask what
benefit there is of using the SDA instead of aEEG. Firstly in terms
of seizures that are detected by the SDA, these will trigger and
alarm and prompt clinicians to investigate the EEG at the time of
the seizure or shortly after, leading to prompt administration of
anticonvulsants. This is not true of the aEEG which, although provides a snapshot overview of the EEG, is still subject to the same
periodic review as the EEG, such that seizure identification and
treatment may be delayed. Secondly the aEEG will only ever register seizures that occur over the limited set of 2 or 4 electrodes from
which it is generated. The SDA analyses a montage of 9 electrodes
with a much broader coverage of the brain such that there is a
greater potential to detect seizures. Even if seizures do not breech
the SDA threshold and trigger an alarm, they may generate a peak
on the SDA probability trend (which effectively summarizes all
EEG channels as its output is the channel of highest probability)
which can be used in the same way as the aEEG during periodic
review to investigate areas of interest on the EEG. The aEEG is
not only used for seizure detection and has additional important
functions to provide a simple ‘snapshot’ assessment of brain function and the identification of sleep cycling. As such, the aEEG and
SDA trend should both be viewed as valuable adjuncts to the EEG.
The analysis of false detections has highlighted several factors.
Firstly it has highlighted the most common causes of false detection; namely respiration, sweat and a highly rhythmic background
pattern. Respiration artefact was also cited by previous authors as
a common source of false detection (Navakatikyan et al., 2006;
Deburchgraeve et al., 2008; Temko et al., 2011a). A highly rhythmic
background pattern was also a source of false detection for previous authors (Navakatikyan et al., 2006; Deburchgraeve et al.,
2008; Mitra et al., 2009). Observationally, an increase in background rhythmicity was often associated with the ‘intermediate’
or ‘slow wave sleep’ pattern of quiet sleep in which an increase
in semi-rhythmic background delta activity is observed.
Secondly, artefacts causing false detection may not be evenly
spread across patients with some patients having high levels of
artefact that will cause frequent false detection and alarms while
other will have little or none. This suggests that the algorithm
may perform less well for a small number of patients and better
than expected for the majority. Implementing a variable sensitivity
threshold in the SDA in the future should enable the user to desensitize the algorithm for patients with frequent false detections,
although of course there will be a reduction in seizure detection
performance. Thirdly, some artefacts such as respiration artefact
are likely to be more persistent at higher sensitivity thresholds
than others and along with prevalence, should be taken into
account when prioritizing artefact rejection strategies.
Pulse/electrocardiogram artefact and movement/handling artefact also contributed significant numbers of false detections. Pulsatile artefact, caused by proximity of an electrode to a pulsing
blood vessel, in particular, can cause very rhythmic runs of delta
activity on the EEG mimicking seizures, and can be seen over prolonged periods. This artefact is identifiable as it will be fairly
invariant and will be timelocked to the independently recorded
ECG trace as will ECG artefact. Similarly, respiration artefact will
be timelocked to the respiration trace recorded from the abdomen.
Movement/handling artefacts, particularly those involving patting
(winding), stroking or repetitive manipulations from physiotherapy, can create high amplitude and/or rhythmic artefacts on the
EEG. Where these artefacts appear ‘seizure-like’ the video recording is invaluable in identifying these waveforms as artefact.
The reason for these artefacts or waveforms causing false detections is due to the fact that they constitute rhythmic stereotyped
patterns, often with an increase in amplitude above the baseline,
fulfilling many of the changes in frequency, power, amplitude,
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auto-regression, entropy and other parameters that the SDA is
tuned to classify as seizures.
The proposed analysis of the ANSeR SDA performance outlined
several areas of potential improvement. In particular, one key
observation, that artefacts due to respiration, pulse and sweat
often occur inprolonged runs, raising the probability baseline of
the SDA output over a prolonged period, resulted in an adaptive
modification which has been made to the alpha versions of the
ANSeR SDA. The beta version now involves comparison of the probability graph at a given time to the ‘local’ preceding probability
baseline. A comparison of the algorithm’s performance with/without the modification showed a significant increase in the area
under the ROC curve from 93.4% to 96.1% and a reduced false
detection rate from 0.42FD/hr (without adaption) to 0.24FD/hr
(with adaption) while maintaining an equivalent detection of seizure burden at 70% (Temko et al., 2013). A further validation of
the beta version of the SDA on a large set of 70 unedited EEGs
has been published showing similar performance (Mathieson
et al., 2016) which indicates the increased robustness of the ANSeR
algorithm which was achieved as a byproduct of the analysis presented in this study.
Future studies will apply the same methodology outlined in this
paper to the beta version of ANSeR, investigate the potential effect
of anticonvulsants on seizures that persist and the performance of
the SDA and aim to produce teaching material to improve the ability of users to discriminate true seizures from false detections at
the point of SDA detection.
5. Conclusion
Due to the variability inherent in neonatal seizure and the
numerous artefacts present in prolonged recordings in the intensive care environment, automated detection of neonatal seizure
is a highly challenging problem. The analysis presented here has
elucidated several aspects of the performance of the SDA from a
neurophysiological perspective. In particular, it allows estimating
the degree at which seizure relevant information is exploited in
SDAs. The analysis applied to the ANSeR algorithm identified a
number of directions for potential improvement and has since
improved performance in the beta version of the ANSeR algorithm.
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h i g h l i g h t s
 Phenobarbital reduces both amplitude and propagation of neonatal seizures.
 These changes may help to explain electroclinical uncoupling.
 The performance of our seizure detection algorithm was unaffected.

a b s t r a c t
Objective: Phenobarbital increases electroclinical uncoupling and our preliminary observations suggest it
may also affect electrographic seizure morphology. This may alter the performance of a novel seizure
detection algorithm (SDA) developed by our group.
Objective: The objectives of this study were to compare the morphology of seizures before and after
phenobarbital administration in neonates and to determine the effect of any changes on automated seizure detection rates.
Methods: The EEGs of 18 term neonates with seizures both pre- and post-phenobarbital (524 seizures)
administration were studied. Ten features of seizures were manually quantified and summary measures
for each neonate were statistically compared between pre- and post-phenobarbital seizures. SDA seizure
detection rates were also compared.
Results: Post-phenobarbital seizures showed significantly lower amplitude (p < 0.001) and involved
fewer EEG channels at the peak of seizure (p < 0.05). No other features or SDA detection rates showed
a statistical difference.
Conclusion: These findings show that phenobarbital reduces both the amplitude and propagation of seizures which may help to explain electroclinical uncoupling of seizures. The seizure detection rate of the
algorithm was unaffected by these changes.
Significance: The results suggest that users should not need to adjust the SDA sensitivity threshold after
phenobarbital administration.
Ó 2016 International Federation of Clinical Neurophysiology. Published by Elsevier Ireland Ltd. This is an
open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction
Seizures are common in the neonatal period but clinical diagnosis of seizures is imprecise (Murray et al., 2008). EEG remains the
only reliable method for detecting all neonatal seizures. It is common practice to monitor neonates with amplitude integrated EEG
(aEEG) for long periods, particularly those undergoing therapeutic
⇑ Corresponding author at: Academic Research Department of Neonatology,
Institute for Women’s Health, University College London, London, United Kingdom.
E-mail address: sean.mathieson@uclh.nhs.uk (S.R. Mathieson).

hypothermia, whereas continuous EEG (cEEG) is available in only
very few neonatal units. There is often a lack of trained neurophysiology experts available to review the EEG and identify seizures. To
meet this need, a novel automated seizure detection algorithm, the
Algorithm for Neonatal Seizure Recognition (ANSeR), has been
developed by our group (Temko et al., 2011; Mathieson et al.,
2016b).
Phenobarbital remains the primary first-line treatment for
neonatal seizures and exerts its primary inhibitory effect by prolonging and potentiating the action of GABA on the GABAA recep-

http://dx.doi.org/10.1016/j.clinph.2016.07.007
1388-2457/Ó 2016 International Federation of Clinical Neurophysiology. Published by Elsevier Ireland Ltd.
This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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tor, hyperpolarising neurons, although there is evidence that the
AMPA/kainate subtype of glutamate receptor may also be blocked
by phenobarbital (Nardou et al., 2011; Loscher and Rogawski,
2012). Studies have shown that its effectiveness is limited and seizures are abolished in only 30–50% of cases (Painter et al., 1999;
Boylan et al., 2002, 2004). In neonates with severe encephalopathy,
seizures can often be intractable to phenobarbital, characterized by
significantly abnormal background EEG patterns and high seizure
burden. ‘Electroclinical dissociation’ is a term that has been variously used to describe clinical seizures without an EEG correlate
(Weiner et al., 1991) or conversely any electrical seizures without
a clinical correlate (Boylan et al., 2002). The term ‘electroclinical
uncoupling’ has been used to describe the loss of the clinical component of an electroclinical seizure after anticonvulsant administration, resulting in ongoing electrographic seizures (Scher et al.,
2003; Glykys et al., 2009), and is the term preferred here to
describe changes in seizures after phenobarbital. Phenobarbital
and other anticonvulsants are known to cause electroclinical
uncoupling. In many neonates, electroclinical seizures become
purely electrographic after treatment with phenobarbital or
phenytoin. In one study (Scher et al., 2003) it was found that 58%
of neonates who had electroclinical seizures before anticonvulsant
administration went on to have ‘‘electrographic only” seizures
after treatment. In another study incorporating data on seizure
burden (Boylan et al., 2002), ten neonates showed a significant
decrease in clinical seizures after medication but showed persisting electrographic seizures with an increasing seizure burden in
some neonates. Quite often seizures appear to reduce in amplitude
(personal observations) after phenobarbital which has not been
reported in the scientific literature and may be a contributing factor to the electroclinical uncoupling of seizures in neonates.
In assessing the performance of seizure detection algorithms,
(e.g. ANSeR), engineers use general performance metrics such as
seizure detection and false detection rates or sensitivity and specificity based on epoched data. End users also wish to know specifically what type of seizures the algorithm detects best and in a
previous study (Mathieson et al., 2016a), a novel in-depth methodology, using 10 criteria to quantify seizures, was developed to
determine the ‘features’ of detected and non-detected seizures.
False detections were also categorized. The results facilitated targeted improvements to the algorithm (Temko et al., 2013). Endusers also wish to know how a seizure detection algorithm will
perform under specific circumstances such as after administration
of anticonvulsants, as any drop in performance may delay further
seizure identification and affect appropriate titration of medication. This issue has not been discussed in previous performance
analysis of other seizure detection algorithms (Gotman et al.,
1997; Altenburg et al., 2003; Aarabi et al., 2006; Navakatikyan
et al., 2006; Deburchgraeve et al., 2008; Mitra et al., 2009).
The aims of this study were to examine specifically how phenobarbital affects the morphology of neonatal seizures using our ‘indepth’ analysis methodology, and whether the performance of our
own algorithm, ANSeR, is altered. Changes in seizure detection
rates due to anticonvulsants may affect how users set the variable
sensitivity thresholds available to the ANSeR end-user.

2. Methods
2.1. Patients and EEG recording
The EEGs of 18 term neonates who underwent continuous EEG
monitoring at the neonatal units at University College Hospital,
London and University College Hospital, Cork between November
2009 and February 2012 were extracted from our database of
recordings. Only neonates with EEG seizures both pre- and post-

phenobarbital administration were included. As the number of
post-phenobarbital seizures generally greatly exceeded the number of pre-phenobarbital seizures, for statistical purposes, preand post-phenobarbital seizure numbers were matched by taking
the smaller number of seizures pre- or post-phenobarbital administration. For example, if a neonate had only 5 seizures before the
first dose of phenobarbital and 20 after, then only the first 5 seizures pre-phenobarbital and the first 5 seizures postphenobarbital administration were analysed.
Neonates underwent video-EEG monitoring using the NicoletOne ICU monitor (Carefusion, Wisconsin, USA) for as long as
clinically required. A sampling frequency of 250 Hz or 256 Hz
was used with a filter bandwidth of 0.5–70 Hz and a 50 Hz notch
filter. Recording electrodes were applied using the 10:20 measuring system adapted for neonates and included F4, F3, T4, C4, CZ,
C3, T3, O2 and O1 which were displayed in a bipolar montage.
ECG from shoulder electrodes and respiration from a motion sensor on the abdomen were also recorded in the trace. This reduced
montage is our standard clinical setup and is used to balance the
requirement to detect the majority of seizures against the need
to minimise handling in sick neonates who are often unstable. A
study by Tekgul (Tekgul, 2005) demonstrated a sensitivity of
96.8% for a 9 electrode montage, similar to ours, to detect seizures
compared to the full 10/20 montage. While this montage may not
have detected the full field of seizures in this study, we did not
anticipate that this should affect the result unduly, as the same
montage was used to record both pre- and post-phenobarbital
seizures.
All babies had an MRI performed to clarify the underlying brain
pathology except in the occasional severe case where the patient
unfortunately died very early in the period of intensive care.
2.2. Ethics and consent
This study was approved by the East London and the City
Research Ethics Committee 09/H0703/97 and by the Clinical
Research Ethics Committees of the Cork Teaching Hospitals. Written informed consent was obtained from one parent of each neonate who participated in the study.
2.3. Seizure detection algorithm
A detailed description of ANSeR is described by Temko (Temko
et al., 2011). To summarize, in a preprocessing step, the original
EEG undergoes artefact removal (simple high frequency artefacts
are removed by applying a threshold to the signal energy), then
is downsampled to 32 Hz with an anti-aliasing filter at 12.8 Hz
and then segmented into 8 s epochs with a 50% overlap. Fifty five
‘features’ of the EEG are then extracted for each channel and from
each epoch which can be grouped into time domain characteristics
(eg. root mean squared amplitude, autoregressive error modelling,
variance), frequency domain characteristics (eg. total power, spectral edge frequency, wavelets) and information theory (eg. Shannon entropy, Fisher characteristics). Extracted features from each
epoch are then fed into a support vector machine (SVM), a learning
algorithm that has been pretrained on a training EEG dataset
marked with seizure/non-seizure by an expert. The outputs of
the SVM are then converted using a sigmoid function into a probability of seizure between 0 and 1. This output is then smoothed by
a moving average filter and compared to a threshold. The comparison of the SVM probability output with the threshold is then converted to binary decisions for each channel, then for all channels. A
custom reader displays a single probability graph (the channel of
highest seizure probability) that turns from black to red when
the threshold is breeched and a seizure designated. The threshold
may be manually adjusted at increments of 0.1 such that the user
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can alter the sensitivity of the algorithm on a patient by patient
basis. If for example, a patient’s record contains large amounts of
artefact, the user may wish to desensitize the algorithm to prevent
excess false detections, however concomitant seizure detection
rates will also be affected. For detections, an annotation is recorded
of the onset time, duration and channel of highest seizure probability and the annotation list can be exported as a text file for further
analysis. The algorithm was updated (beta version) following a
detailed analysis to incorporate modifications that reduce false
detections due to prolonged EEG artefact (Temko et al., 2013). This
updated version of the algorithm has recently been tested on a
large dataset of EEGs from 70 babies for the purposes of performance validation on an unseen dataset (Mathieson et al., 2016b).
2.4. Seizure analysis
All EEGs were reviewed by a clinical physiologist (SM) and EEG
seizures were annotated as the ‘gold standard’ at the start and end

of seizures to give exportable text files listing seizure onset and
duration times. Seizures annotated by SM were verified by a consultant neurophysiologist (RMP) by reviewing the EEG at the time
of the annotation by SM. Each seizure was then analysed by SM
using the criteria outlined in Table 1 and features for pre- and
post-phenobarbital seizures were compared statistically. The 10
features analysed were drawn from a previous in depth analysis
of seizure factors affecting automated seizure detection by ANSeR
(Mathieson et al., 2016a), and were chosen for the previous study
specifically with the feature extraction criteria and general functioning of the algorithm in mind but were also deemed relevant
as a general methodology for quantifying seizures for the present
study to assess the effects of phenobarbital on seizures. The 10 features can be grouped into 3 broad categories: ‘seizure signature’
(1–5), ‘short-term temporal context or evolution’ of seizures (6–
8) and ‘seizure spatial context’ (9–10). In the ‘seizure signature’
group, seizure amplitude was measured at the midpoint of the seizure as a common reference point for measuring peak seizure

Table 1
Seizure features analysed.
Variable group

Variable

Measurement
type: quantitative/
visual analysis

Measurement
unit

Method/category

Purpose/comment

Seizure signature

Seizure amplitude at
peak of seizure

Quantitative

lV2

To quantify the maximum seizure
amplitude

Seizure signature

Rhythmicity score

Visual

Number

Seizure signature

Background EEG
score at time of
seizure

Visual

Number

Seizure signature

Seizure morphology
at onset

Visual

Category

Seizure signature

Seizure morphology
at peak of seizure

Visual

Category

Measure peak to trough using
graticule on highest amplitude
discharge at midpoint of seizure
1 = Significant dysrhythmia
2 = Minimal dysrhythmia
3 = Highly rhythmic
1 = Normal/mildly abnormal,
continuous EEG
2 = Moderate abnormality. IBI < 10 s
3 = Severe abnormality, IBI 10–60 s
4 = Inactive, background < 10 lV,
IBI > 60S
*
See below
1 = Rhythmic discharges of delta
(RDD)
2 = Rhythmic discharges of theta
(RDT)
3 = Rhythmic discharges of alpha
(RDA)
4 = Spikes (S) or sharp waves (SH)
5 = Sharp wave and slow wave (SH
+ W) complexes or spike and wave
complexes (SP + W)
**
See below
As above

Short-term
temporal
context or
evolution
Short-term
temporal
context or
evolution

Seizure duration

Quantitative

Seconds

Duration derived from SM
annotations of start/end of seizure.

Frequency variability
(over whole seizure)

Quantitative

SD (Hertz)

To derive an estimate of the degree of
frequency variability over the span of the
seizure.

Short-term
temporal
context or
evolution
Spatial context

Seizure morphology
change from onset to
peak

Quantitative

Binary Y/N

Using frequency graticule calculate
discharge frequency at:
A = Start frequency (first 5 s)
B = Peak frequency (mid seizure)
C = Final frequency (last 5 s)
Frequency variability = Standard
deviation A:C
Comparison of seizure morphology at
start and peak

Number of EEG
channels involved at
onset of seizure
Number of EEG
channels involved at
peak of seizure

Visual

Number

Count of number of EEG channels
showing seizure discharges

To estimate the size of the seizure field at
the start of the seizure

Visual

Number

Count of number of EEG channels
showing seizure discharges

To estimate the size of the seizure field at
the peak of the seizure

Spatial context

*
**

From Pressler et al. (2001).
Adapted from Patrizi et al. (2003).

Visual score of how rhythmicity/
frequency appears to change from
second to second over the seizure
To highlight context in which seizure are
detected/not detected

To categorize dominant morphology of
seizure discharge at onset

To categorize dominant morphology of
seizure discharge at peak (middle) of
seizure
To quantify seizure duration

To assess change/variability of seizure
morphology within seizure
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Table 2
Aetiology, number of seizures analysed and anticonvulsants for patients included in
the study. Pb: phenobarbital; na: not administered; HIE: hypoxic ischaemic
encephalopathy.
Patient
number

Aetiology

Seizure number
studied pre/post Pb

1st dose Pb
(mg/kg)

2nd dose Pb
(mg/kg)

1
2
3
4
5
6
7
8

HIE grade 2
HIE grade 2
HIE grade 2
HIE grade 3
HIE grade 3
Meningitis
HIE grade 3
Contusion
post forceps
Stroke
Stroke
HIE grade 3
Focal lesion
HIE grade 2
HIE grade 3
HIE grade 3
Stroke
HIE grade 3
Stroke
Total

7/7
3/3
6/6
8/8
25/25
3/3
66/66
1/1

20
20
20
20
20
20
20
20

na
na
na
na
na
na
10
na

2/2
11/11
4/4
1/1
5/5
1/1
68/68
6/6
6/6
39/39
262/262

20
20
20
20
20
20
20
20
20
20

na
na
na
na
na
na
10
na
na
10

9
10
11
12
13
14
15
16
17
18

amplitude which provides a measure of the ‘strength’ of the seizure
and/or degree of neuronal recruitment. The rhythmicity score was
scored from visual assessment of the apparent degree of rhythmicity of the seizure from second to second, to determine whether
phenobarbital changes the rhythmicity of seizures over short
timespans. The background EEG score provides a measure of the
effect of phenobarbital on the baseline EEG at the time of the seizures. The seizure morphology at seizure onset and peak tells us
whether the dominant frequency and shape of the seizure waveform at those timepoints change with phenobarbital. In the ‘short
term temporal context or evolution’ group, seizure morphology
change from onset to peak tells us whether seizure morphology
within seizures evolves and whether phenobarbital affects this,
while frequency variability (over the whole seizure) gives an indication of the amount of change or evolution of frequencies within
the seizure, given that many neonatal seizures tend to slow in frequency, particularly towards the end (personal observation). A
measure of seizure duration was taken to determine whether phenobarbital affects seizure length. In the ‘spatial context’ group, the
number of EEG channels involved in the seizure at start and peak
gives an indication of the approximate size of the seizure field at
the start and peak and whether phenobarbital affects these fields.
Criteria for assessing seizure discharge morphology at onset and
peak were adapted from Patrizi et al. (Patrizi et al., 2003), and criteria for scoring the background EEG activity at the time of the seizure were taken from Pressler (Pressler et al., 2001).
All EEGs were then analysed by ANSeR at a sensitivity threshold
of 0.3 and seizure annotations were exported as text files. In a previous validation study (Mathieson et al., 2016b), ANSeR performance was assessed across the full range of sensitivity
thresholds on a cohort of 70 babies. In this study we considered
a threshold range from 0.5 to 0.3 to be within a clinically acceptable range, giving seizure detection rates of 52.6–75.0% and false
detection rates of 0.04–0.36 FD/h respectively. This range was proposed on the basis of a perceived expectation that a minimum of
50% seizure detection would be required by users in a clinical setting and that a false detection rate of greater than 0.5/h might be
considered excessive. Given a variable threshold a given user
may of course decide to set a higher sensitivity threshold if they
prefer to detect more seizures at a cost of more false alarms, or
vice-verse. The clinical suitability of this range is then, opinion

based. The highest sensitivity threshold of 0.3 within this range
was chosen for this study to highlight the highest seizure detection
rate realistically achievable.
2.5. Statistical method
For each neonate and separately for the two time periods (pre
and post-phenobarbital administration), a summary measure
across seizures was calculated for each of the parameters of interest. The median was used as the summary measure for peak amplitude, seizure duration, number of EEG channels involved in seizure
onset and at the peak of the seizure and frequency variability. The
maximum value was the summary measure used for rhythmicity
score and background EEG. Rhythmicity score and background
EEG were qualitative variables with only 3 and 4 categories each,
respectively. Hence, the highest category observed (maximum)
for each baby was a suitable summary measure for these variables.
The other variables were quantitative variables, taking on a range
of possible values, and hence the median was a suitable summary
measure for these variables. For the seizure detection rate, discharge morphology and discharge morphology change, the proportion was used as the summary measure. Differences between the
two time periods (pre- and post-phenobarbital administration)
were investigated using the Wilcoxon Signed Rank test. All statistical analyses were performed using IBM SPSS Statistics, version
20.0. All tests were two-sided and a p-value < 0.05 was considered
to be statistically significant.
3. Results
3.1. Patients
Details of included patients are given in Table 2. All patients
received a loading dose of phenobarbital (20 mg/kg) and 3 patients
received a second dose of phenobarbital.
3.2. Comparison of pre- and post-phenobarbital seizure features and
automated detection
In total 524 seizures (262 pre-phenobarbital seizures and 262
post-phenobarbital seizures) were identified and annotated on
the original EEG by SM for feature analysis. Verification of these
seizures by RMP showed 100% agreement.
The results of the comparison of seizure features between preand post-phenobarbital seizures are shown in Table 3. Postphenobarbital seizures were of statistically lower peak amplitude
than pre-phenobarbital seizures [median (interquartile range)
pre-Pb: 123 lV (62.5–225) vs post-Pb: 53.5 lV (46.13–89.25)],
with a drop of 56.5%, and involved fewer EEG channels at the peak
of seizure [median (interquartile range) pre-Pb: 4 channels (3–8)
vs post-Pb: 3 channels (1.4–4)]. Values for individual babies for
median peak seizure amplitude and median number of EEG channels involved at peak of seizure pre- and post phenobarbital are
given in Table 4.
Fig. 1a shows a comparison of the pre-and post-phenobarbital
median seizure amplitudes for all 18 neonates including the group
median (thick black line), while Fig. 1b shows the change in amplitude for each baby after phenobarbital; seizures were reduced in
amplitude after phenobarbital in 14 of 18 babies. Babies with high
amplitude seizures pre-phenobarbital showed the greatest reduction in seizure amplitude.
Fig. 2a shows the median number of EEG channels involved in
pre and post-phenobarbital seizures (at the peak of seizure) for
all neonates with group median (black line) and Fig. 2b shows
the change in number of EEG channels involved in the seizure for
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Table 3
Results of comparison of seizure features pre- and post-phenobarbital.
Features

Summary measure

Pre-Pb seizures. [Median (IQR)]

Post-Pb seizures. [Median (IQR)]

p value*

Peak amplitude (lV)
Seizure duration (s)
Number of EEG channels involved in seizure onset (n)
Number of EEG channels involved at peak of seizure (n)
Frequency variability (over whole seizure) Hz
Rhythmicity score (1–3)
Background EEG (1–4)
Seizure detection rate
Changed morphology

Median
Median
Median
Median
Median
Maximum
Maximum
Proportion
Proportion

123 (62.5–225)
103 (69.13–185.25)
4 (2.38–4.25)
4 (3–8)
0.25 (0.07–1.64)
3 (2–3)
1.5 (1–4)
0.77 (0.23–0.93)
0.45 (0.11–0.88)

53.5 (46.13–89.25)
135 (62.63–235)
3 (1–4)
3 (1.38–4)
0.24 (0.06–1.85)
3 (2–3)
1.5 (1–3.25)
0.73 (0.33–0.89)
31 (0.0–0.67)

0.001
0.420
0.068
0.018
0.868
0.317
0.317
0.730
0.310

*
From Wilcoxon Signed Rank test. N.B. Comparisons of discharge morphology (RDD, RDT, RDA, SP/SH, SP + W/SH + W) at start and peak of seizure are omitted, p > 0.05 for
all comparison.

each baby. A reduction in the number of channels involved was
seen in 10 of 18 babies.
Fig. 3 shows typical examples of pre- and post-phenobarbital
seizures for patient 5 showing a drop in seizure amplitude and a
reduced number of EEG channels involved post-phenobarbital
treatment.
No significant differences between groups were found in seizure duration, rhythmicity, frequency variability (over the whole
seizure), background EEG grade, seizure waveform morphology
at the start or peak of the seizure or seizure waveform morphology
change from start to peak of seizure.
Fig. 4 shows seizure detection rates for all neonates pre and
post-phenobarbital administration. The seizure detection rates
(sensitivity threshold 0.3) were not significantly different with a
median detection rate of 77% for pre-phenobarbital seizures and
73% detection rate for post-phenobarbital seizures.
3.3. Electroclinical uncoupling
Information regarding electroclinical uncoupling is summarised
in Table 4. Information was only available for 15 of 18 babies as 3
babies (12, 13, 16) had no video available for analysis. Of these 15,
9 babies (1, 4, 5, 6, 7, 8, 11, 14, 15) had electrographic seizures both
before and after phenobarbital and therefore had no electroclinical
uncoupling. One baby (17) had a mixture of electroclinical and
electrographic seizures both before and after phenobarbital so

again, had no clear evidence of electroclinical uncoupling. This
baby did not have a reduction in median seizure amplitude (prePb 47.5 lV vs post-Pb 50 lV), or a reduction in the median number
of EEG channels involved at the peak of seizure (pre-Pb 3.0 channels vs post-Pb 4 channels). Five babies (2, 3, 9, 10, 18) had electroclinical seizures before phenobarbital and electrographic only
seizures after phenobarbital and therefore experienced electroclinical uncoupling after phenobarbital. Baby 2 had three low amplitude focal seizures before phenobarbital with subtle changes in
blood pressure and heart rate, and further focal, low amplitude seizures without physiological changes after phenobarbital. There
was both a drop in median seizure amplitude between pre- and
post-phenobarbital seizures (pre-Pb 40 lV vs post-Pb 20 lV) and
also a marked drop in the median number of channels involved
at seizure peak (pre-Pb 4 channels vs post-Pb 1 channel). Babies
9, 10 and 18 all had unilateral stroke (middle cerebral artery) with
clonic seizures prior to phenobarbital. None of these babies experienced large reductions in the number of EEG channels involved
in seizure peak (baby 9 pre-Pb 3.8 channels vs post-Pb 3 channels,
baby 10 pre-Pb 4 channels vs post-Pb 4 channels, baby 18 pre-Pb 4
channels vs post-Pb 4 channels), however all had large reductions
in median peak seizure amplitude after phenobarbital (baby 9 prePb 321 lV vs post-Pb 47.5 lV, baby 10 pre-Pb 195 lV vs post-Pb
88 lV, baby 18 pre-Pb 123 lV vs post-Pb 70 lV). Baby 3 had HIE
with bilateral watershed infarcts with clonic seizures prior to phenobarbital. This baby had both a large reduction in median seizure

Table 4
Evidence of electroclinical uncoupling, seizure amplitudes and number of EEG channels involved at peak of seizure before and after phenobarbital for individual babies. NVD no
video data, EG electrographic, EC electroclinical.
Study
ID

Aetiology

Seizure
type
pre-Pb

Seizure
type
post-Pb

Electroclinical
uncoupling?

Median peak
seizure
amplitude pre-Pb
(lV)

Median peak
seizure
amplitude postPb (lV)

Median number of EEG
channels involved in
seizure peak pre-Pb

Median number of EEG
channels involved in
seizure peak post-Pb

12
13
16
1
4
5
6
7
8

Focal lesion
HIE grade 2
Stroke
HIE grade 2
HIE grade 3
HIE grade 3
Meningitis
HIE grade 3
Contusion post
forceps
HIE grade 3
HIE grade 3
HIE grade 3
HIE grade 3
HIE grade 2
HIE grade 2
Stroke
Stroke
Stroke

NVD
NVD
NVD
EG
EG
EG
EG
EG
EG

NVD
NVD
NVD
EG
EG
EG
EG
EG
EG

Unknown
Unknown
Unknown
NO
NO
NO
NO
NO
NO

91
123
93.5
485
146
180
165
67.5
61

49
138
55.5
63
149
42
93
36.5
68

4
2
5
8
8
8
8
5
1

1
2
4
1
8
6
8
4
2

EG
EG
EG
EC/EG
EC
EC
EC
EC
EC

EG
EG
EG
EC/EG
EG
EG
EG
EG
EG

NO
NO
NO
NO
YES
YES
YES
YES
YES

63
315
53.5
47.5
40
339
321
195
123

51.5
190
37
50
20
49
47.5
88
70

2
8
3
3
4
8
3.8
4
4

1.5
2
3
4
1
1
3
4
4

11
14
15
17
2
3
9
10
18
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Fig. 1. (a) Comparison of median peak seizure amplitudes for pre- and post-Pb
seizures in all neonates. Black line represents group median. (b) Change in median
peak seizure amplitude for each baby after Pb.

Fig. 2. (a) Comparison of median number of EEG channels involved at peak of
seizure pre- and post-Pb for all neonates. Black line represents group median. (b)
Change in median number of EEG channels involved in seizure (peak) after Pb for
each baby.

amplitude after phenobarbital (pre-Pb 339 lV vs post-Pb 49 lV)
and a large reduction in the number of channels involved at seizure
peak (pre-Pb 8 channels vs post-Pb 1 channel).

subcortical regions relative to the cortex, as proposed by Glykys,
may contribute to electroclinical uncoupling.
While one study (Boylan et al., 2002) reported an increase in
seizure burden in some cases after phenobarbital administration,
it is clear that seizures have a natural history, increasing, peaking
and tailing off in frequency (Lynch et al., 2012) such that an
increase in seizure burden after phenobarbital may simply be a
consequence of this process rather than due to the anticonvulsant.
This is supported by the study by Painter (Painter et al., 1999) in
which phenobarbital was found to be ineffective in neonates in
the phase of increasing seizure burden.
When considering the causes of electroclinical uncoupling, it is
also possible that in subclinical seizures there is A) simply less
involvement of the motor strip as previously suggested by Boylan
et al. (Boylan et al., 2013), the area from where the most overt clinical expression of seizures originates, and/or B) if one assumes that
the amplitude of a seizure in a given area roughly equates to the
number of neuronal units recruited, then it may be that there is
a threshold of neuronal numbers in the cortex that must be breached in order to drive subcortical circuits and in turn motor manifestations of seizures. Subclinical seizures may simply not reach
this threshold due to a partial dampening of seizure activity by
phenobarbital.
While this study has not addressed the specific question of the
relative involvement of the cortical motor area in clinical vs
subclinical seizures, the finding that overall, post-phenobarbital

4. Discussion
This study has shown that phenobarbital reduces both the
amplitude and propagation of seizures. Electroclinical uncoupling
of seizures is an important phenomenon as seizures may go undetected and untreated in centres without EEG monitoring. A model
for electroclinical uncoupling was proposed by Glykys et al.
(Glykys et al., 2009), based on observations in rat pups of a differential expression of the NKCC1 and KCC2 chloride transporters
between cortical and subcortical regions, potentially rendering
GABA excitatory in cortical regions and inhibitory at subcortical
levels. In this scenario, cortical seizures as detected by EEG would
be unaffected or even exacerbated by phenobarbital while the inhibition at the subcortical level would block their clinical expression.
The findings in our study, that cortical seizures are reduced in
amplitude and propagation, does not support the cortical aspect
of the model proposed by Glykys, nor do studies showing that phenobarbital is effective in abolishing neonatal seizures in 30–50% of
cases (Painter et al., 1999; Boylan et al., 2002, 2004). It is still
possible however that an increased efficacy of phenobarbital in
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Fig. 3. Examples of pre- and post-Pb seizures for patient 5. (a) Pre-Pb seizure and
(b) post-Pb seizure.

Fig. 4. Distribution of detection rates for all neonates pre- and post-phenobarbital.
Black lines indicate median values.

seizures tend to propagate less than pre-phenobarbital seizures
does at least suggest that this possibility is worth investigating. A
study of the relative involvement of the motor area in pre and post
phenobarbital seizures would be optimised using a more comprehensive set of electrodes rather than the reduced set used here in
which electrode coverage away from the motor area was quite
sparse. The finding that seizures in these babies dropped 56.5%
as a group in their median amplitude after phenobarbital administration also supports the second possibility.
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The evidence from the babies in this study regarding electroclinical uncoupling supports these suggestions with the 1 patient
who experienced some electroclinical seizures both before and
after phenobarbital showing no reduction in seizure amplitude or
propagation after phenobarbital, while the 5 patients with electroclinical seizures before phenobarbital and electroclinical uncoupling after phenobarbital, all experience a drop in either the
propagation of the seizure or the peak amplitude of seizure, or
both. It is interesting to note that the 3 stroke babies (all with middle cerebral artery infarctions) that experienced electroclinical
uncoupling after phenobarbital, did not have a marked reduction
in the number of channels involved at the peak of seizure, therefore there was presumably still involvement of the motor cortex
in their seizures. They did however, experience marked reduction
in seizure amplitude. This limited information does lend some
weight to the suggestion that seizure amplitude is the dominant
factor in electroclinical uncoupling.
Another important consequence of a reduction in seizure amplitude and propagation after phenobarbital is that seizures are likely
to become harder to detect on visual examination of the electrographic evidence. This is true of the EEG evidence where postphenobarbital seizures may stand out less from the background
EEG, but is likely to be more of a problem when only aEEG monitoring is available. Studies by Rennie et al. (Rennie et al., 2004)
and others (Shellhaas et al., 2007; Mastrangelo et al., 2013) have
shown that many seizures detected on EEG are missed when
reviewing the aEEG alone and that ‘missed’ seizures are often
short, involve a small number of EEG channels and of low amplitude, often registering minimal deflection on the aEEG trace. These
findings highlight that EEG should be used for seizure monitoring
where available and that great care should be used when reviewing EEG after anti-seizure medication.
Eleven of the 18 babies in this study had HIE and underwent
therapeutic hypothermia which is now a routine treatment. Cooling has been shown to reduce the seizure burden in this group
(Low et al., 2012), perhaps due to the prolonged half-life of phenobarbital in cooled patients (Roka et al., 2008; Filippi et al., 2011),
and/or augmenting the neuroprotective effects of hypothermia,
as has been shown in a rodent model (Barks et al., 2010). Despite
the positive effects of cooling, seizures remain a problem in HIE.
The main purpose of this study was to examine the effect of
phenobarbital on the morphology of seizures and on the performance of our seizure detection algorithm. In a previous study
(Mathieson et al., 2016a) to investigate the features of seizures
affecting ANSeR detection, using the same methodology for seizure
analysis but multivariate analysis, it was found that an increase in
4 features; seizure duration, amplitude, rhythmicity and number of
EEG channels involved in seizure peak (propagation), were independently associated with an increased likelihood of seizure detection by ANSeR. In the present study phenobarbital did not affect
seizure duration or seizure rhythmicity but did reduce seizure
amplitude and propagation. However this reduction was not
enough to significantly reduce ANSeR performance. It is possible
that the reduction in seizure amplitude and propagation seen in
our previous paper was greater due to additional treatments such
as phenytoin and midazolam.
These results suggest that the performance of ANSeR is robust
to the effects of phenobarbital on neonatal seizures and users
should not need to adjust the sensitivity threshold after phenobarbital administration. One limitation of this study is that only the
effects of phenobarbital only were tested while the effect of other
second-line anti-seizure medications including phenytoin, midazolam and others, were not. As suggested above, it may be that these
second line medications do affect automated seizure detection and
is an area for further study, however teasing out the effects of
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particular drugs on seizures with patients on multiple anti-seizure
medications is problematic.
5. Conclusion
The main purpose of this study was to examine the effect of
phenobarbital on the morphology of neonatal seizures, and on
the performance of our automated seizure detection system. We
have shown that phenobarbital reduces the amplitude and propagation of seizures but ANSeR performance is unaffected by these
changes.
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