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Abstract

To assist in the reviewing of prolonged EEGs, we have developed an automatic EEG analysis method that can be used to compress the
prolonged EEG into two pages. The proposed approach of Automatic Analysis of Segmented-EEG (AAS-EEG) consists of 4 basic steps:
(1) segmentation; (2) feature extraction; (3) classification; and (4) presentation. The idea is to break down the EEG into stationary segments
and extract features that can be used to classify the segments into groups of like patterns. The final step involves the presentation of the
processed data in a compressed form. This is done by providing the EEGer with a representative sample from each group of EEG patterns
and a compressed time profile of the complete EEG. To verify the above approach, 41 6 h EEG records were assessed for normality via the
AAS-EEG and conventional EEG approaches. The difference between the overall assessment via compressed and conventional EEG was
within one abnormality level 100% of the time, and within one-half level for 73.6% of the records. We demonstrated the feasibility and
reliability of automatically segmenting and clustering the EEG, thus allowing the reduction of a 6 h tracing to a few representative segments
and their time sequence. This should facilitate review of long recordings during monitoring in the ICU. 1998 Elsevier Science Ireland
Ltd. All rights reserved
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1. Introduction

As with other modalities of monitoring in the ICU, the
principal goal of neurological intensivve care unit (ICU)
EEG monitoring is to detect the onset of abnormalities at
a reversible stage (Borel and Hanley, 1985). The EEG is an
appropriate tool for monitoring because it provides a sensi-
tive indication of cerebral metabolism, ischemia, hypoxia
and neuronal dysfunction (Jordan, 1993). Other uses of EEG
monitoring include the detection of subclinical seizures and
extraction of information about the brain function in
patients who have suffered severe nerve or neuromuscular
junction disease such as the Guillain-Barre syndrome. The
principal advantage of EEG over the clinical examination is
that it is continuous and does not require patient coopera-
tion.

Given some of the above advantages and the advent of

digital EEG recording, it is believed that EEG can and
should be available in the ICU setting (Borel and Hanley,
1985; Emmerson and Chiappa, 1988). An EEG is particu-
larly useful in providing a sensitive indication of cerebral
functioning during periods when the brain is at risk. Such
periods are often of long duration, hence a prolonged EEG
recording may be required. Typically, a 16 channel, 24 h
digital recording produces approximately 500 megabytes of
data, the equivalent of over 8500 pages of conventional
paper EEG. Review and interpretation of this raw EEG
data is very tedious and time-consuming. A thorough review
may require many hours of a neurologist’s time. The advan-
tage of computer analysis of prolonged EEG recordings is
all too obvious.

Seizure and spike detection algorithms have been devel-
oped to identify epileptiform activity (see for example Got-
man et al., 1979; Gotman, 1982; Gabor and Seyal, 1992;
Harding, 1993), and only the portions of EEG containing
spikes and seizures are stored for later viewing, thus achiev-
ing data selection during prolonged EEG monitoring. These
detection methods present the neurologist with sections of
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EEG in the standard format, which are obviously not
intended for background EEG assessment.

To address the problem of analysis of the EEG back-
ground during prolonged recording, several approaches
have been proposed that compress and simplify EEG data.
Bickford et al. (1971) introduced the Compressed Spectral
Array (CSA) that presents the results of sequential spectral
estimates of digitized EEG over time in an array. The dis-
play is generally limited to few hours of equivalent EEG and
only for one or two channels (Bricolo et al., 1978), although
modern CSA systems may be able to display more channels
for longer periods of time. Trend analysis is another method
of analyzing and presenting digitized EEG data. Labar et al.
(1991) showed that the trend analysis of some parameters
such as total power or alpha ratio revealed changes with
subarachnoid hemorrhage prior to clinical manifestations.
Maynard et al. (1969) introduced the Cerebral Function
Monitor (CFM) that utilizes a single channel of EEG to
produce integrated amplitude on paper in real-time. Discon-
tinuity detection, with specific relevance to neonatal EEGs
has been developed by Wertheim and colleagues (Wertheim
et al., 1991, 1994) for an on-line analysis of EEG with a
reduced electrode coverage. This system determines the
amount of discontinuity in a recording and the RMS ampli-
tude, then displays these on a compressed time axis. In one
form or another, all these methods provide a display of
processed information that require training and experience
for proper interpretation.

Given the various shortcomings of the these methods,
none have found common usage in the ICU setting. In this
paper, we present a new method of computer analysis of
prolonged EEG recordings. We have developed a systema-
tic approach for automatic EEG analysis that relies on the
observation that the background activity in a long-term EEG
usually consists of different patterns that are recurrent. In a
normal EEG, for example, these patterns may relate to the
cycling of the sleep stages; in post-operative recovery EEG,
they may relate to different levels of vigilance. Although
there is a possibility of numerous patterns in different
patients, only a few types of EEG patterns are usually pre-
sent in the prolonged EEG record of a particular patient
(Barlow et al., 1981). This leads to the idea of recurrence
of different EEG types in the recording. In this paper, we
present the method of decomposing the EEG into recurrent
types. This is a 4 step process. We first describe the signal
processing procedure to break down the multichannel EEG
into stationary segments. After eliminating any segments
clearly contaminated by artifacts, the second step involves
the extraction of features that describe each EEG segment as
a point in n-dimensional space. Along with the classical
amplitude measure, a new measure of the ‘central’ fre-
quency and a new frequency-weighted energy measure are
described. The third step involves clustering of the segments
based on the features extracted in step two. This is accom-
plished by developing an ad hoc procedure using thek-
meansclustering algorithm as a building block. This algo-

rithm and its important features are presented as the third
step in the procedure. Special attention is given to the detec-
tion and elimination of artifactual segments. As step 4, we
describe how the results can be used to display compressed,
prolonged EEG in two pages.

This basic 4 step strategy has been applied to integrate the
analysis of prolonged EEG recordings into the Automated
Analysis of Segmented EEG (AAS-EEG) technique. The
idea is not to replace the complete EEG but to supplement
it with a compressed version that can be used to give rapidly
an overall assessment of the background activity. The com-
pressed display includes representative samples of the dif-
ferent types of background present in the recording, shown
as a traditional EEG, as well as a graph representing its
temporal organization. The resulting output is only a few
pages even for a 24 h recording and can be faxed or trans-
mitted via modem to the neurologist by the ICU staff for a
quick review, hence providing timely dissemination of
information for better patient care. Within each of the
above 4 steps, several new ideas are developed. Addition-
ally, we will present the results of a validation of the AAS-
EEG technique using EEGs obtained from children imme-
diately after cardiac surgery.

2. Methods

2.1. Adaptive segmentation based on nonlinear energy
operator

The EEG is a non-stationary signal and for any automatic
analysis system, it is essential that it be broken into sections
that are of similar type. This involves segmenting the EEG
into quasi-stationary sections and can be achieved by draw-
ing a boundary at the instants where there is a change in the
EEG pattern, for example, alpha blocking following eye
opening.

In Agarwal and Gotman (in preparation), a new technique
to segment the EEG into quasi-stationary sections has been
presented. This procedure has minimal need for parameter
adjustment. For completeness, we briefly review this new
segmentation strategy.

In his work on nonlinear speech modeling, Teager pro-
posed a simple nonlinear energy operator (NLEO) (Wkaiser,
given here (as presented in Kaiser, 1990) in its discrete form
as

Wkaiser[x(n)] = x2(n) −x(n−1)x(n−2) (1)

One of its key properties for a pure sinewave can be sum-
marized by the rule

W[Acos(qon+v)] =
1
2
A2q2

o (2)

Clearly, examining Eq. (2), the output is proportional
to both amplitude and frequency and has been termed
frequency-weighted energy.
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Plotkin and Swamy (1992) presented a more generalized
form of the NLEO

Wg[x(n)] = x(n− l)x(n−p) −x(n−q)x(n−s) l +p=q+s

(3)

It can easily be shown that forl Þ p andq Þ s, Wg is more
robust to noise. That is, if the input signalx contains addi-
tive white noise, then the output in Eq. (3) will not contain
a component reflecting the input noise. This is due to the
removal of the square term in Eq. (3). For this reason we
have chosen to usel = 1, p = 2, q = 0 ands = 3 to detect
the changes of stationarity in a signal. These changes or
segment boundaries can be detected by using a sliding
temporal window method (Krajca et al., 1991) as shown
in Fig. 1. For a given time instant,n, the frequency-
weighted energy in the left half of the window is subtracted
from that of the right half of the window to generate the
signalGnleo(n) as shown in Fig. 1. Mathematically, the sig-
nal Gnleo(n) can be written as

Gnleo(n) = ∑
n

m=n−N +1
W(m) − ∑

n+N

m=n+1
W(m) (4)

where the window size is 2N samples in duration.
If the two half-windows have the same energy, the

resulting signalGnleo(n) is zero; if the window is centered
at a discontinuity (segment boundary) thenGnleo(n) is large.
Therefore, the time instants of the local maxima in the sig-
nal Gnleo(n) may be taken as the segment boundaries.

The segmentation criterionGnleo(n) generates some spur-

ious segment boundaries due to inherent random fluctua-
tions. The number of these redundant boundaries can be
reduced by applying a thresholding to the segmentation
criterion. One adaptive threshold procedure is suggested
by the following

T(n) =

max[Gnleo(n−L=2 : n+L=2)] for n=L=2, (L=2+1)…

0 for n=0, 1, …(L=2−1)

(

(5)

By applying T(n), a new segmentation criterion can be
derived,

G(n) =
Gnleo(n) if Gnleo(n) ≥ T(n)

0 if Gnleo(n) , T(n)

(
(6)

Final segmentation boundaries can be detected by finding
the local maxima or peaks in eitherGnleo(n) or its thre-
sholded version Eq. (6). In this work, we have used the
thresholded version of theGnleo(n). Multichannel EEG
recordings can be handled by grouping channels corre-
sponding to anatomical regions:

GT
nleo=G1

nleo+G2
nleo+ … +GP

nleo (7)

whereGi
nleo, i = 1, 2,…P represent the segmentation criter-

ion for each of theP channels in any group. Fig. 2 provides
an example of multichannel segmentation for channels of
the left hemisphere. In this example and all subsequent seg-
mentation, we have forced the minimum duration of a seg-

Fig. 1. Application of the proposed segmentation method emphasizing its utility in detecting frequency or amplitude changes in the input signal. (a)
Simulated input signal. (b) Output of the NLEO. (c) NLEO-based segmentation criterion.
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ment to be 3 s. In the detection of local maxima, any
detection that generates a segment of duration less than 3
s was not considered as a segment boundary.

Minimum segment duration was chosen to be 3 s to limit
the number of segments generated due to transient phenom-
ena. The aim of the method is primarily to aid in assessing
the background EEG. It is assumed that transient informa-
tion is extracted with other methods. Arbitrary segment
duration will generate a much larger number of segments
of short duration. This may make the algorithm computa-
tionally prohibitive. Furthermore, features extracted from
relatively small segments may not be representative of the
segment. A minimum duration of signal is required in order
for the features to be meaningful. On the other hand, by
forcing the minimum duration to be 3 s we lose the ability
to explicitly identify features such as spindles and K-com-
plexes, thus affecting the time-variability assessment of the
EEG.

It is obvious that there exists a tradeoff in choosing the
minimum segment duration. For the post-operative EEGs
considered in this work, a minimum segment duration of 3
s was found to be a good compromise.

2.2. Feature extraction

The second step in the proposed AAS-EEG approach is
the extraction of a feature vector that is representative of
each EEG segment generated in the first step.

In an attempt to describe the temporal and spectral char-
acteristics of EEGs, numerous features have been described
by many researchers. Some examples include average
amplitude, variability of amplitude, maximum and mini-
mum value of amplitude, first and second derivatives, and
amplitudes in different spectral bands (Creutzfeldt et al.,

1981; Krajca et al., 1991; Pietela et al., 1994). In our
method, we use 3 features per channel to describe each
segment: a measure of amplitude, a measure of frequency
and the frequency-weighted energy based on the NLEO
idea. Before discussing these measures, we first present
the initial strategies applied for artifact rejection.

2.2.1. Artifact rejection
Automated identification and elimination of artifact con-

taminated EEG is a difficult problem in any type of analysis.
In the self-organization or clustering of the EEG segments,
it is particularly troublesome. To combat this, we made
special efforts in its identification and applied the following
3 strategies for the elimination of artifact contaminated seg-
ments.

Maximum amplitude threshold. We eliminated any seg-
ment where the absolute maximum amplitude in any chan-
nel of any segment exceeds a fixed threshold. This threshold
was chosen to be 300mV. Background EEG signals usually
do not exceed this value. We realize that this may result in
the elimination of some epileptiform activity, but this ana-
lysis is aimed at the background activity and assumes that
epileptiform transients, spikes and seizures, are handled by a
separate approach.

Frequency-weighted energy. Some artifact such as mus-
cular activity will pass through amplitude screening. To
overcome this, we used an ad hoc technique based on the
distribution of the frequency-weighted energy measure for
each channel. Since this energy is proportional to amplitude
and frequency, the increased frequency or amplitude due to
muscular artifacts forces the energy to be farther away from
the actual EEG energy. Furthermore, since most of the seg-
ments are actual EEG, the collection of the energy points
will be denser in the energy space corresponding to EEG

Fig. 2. Example of multichannel segmentation based on the NLEO segmentation criterion. (a) Three channel input signal. (b) Segmentation criterion for each
channel in (a). (c) Overall multichannel segmentation criterion for all 3 channels.
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than the artifacts. Empirical observations confirm that the
points on the extreme edges of the frequency-weighted
energy distribution are isolated and often contain artifacts.
We, therefore, used the measure of energy distribution as an
artifact detector. An original aspect of this approach is that
we use a dynamic threshold that depends on the density of
the frequency-weighted energies for each of the channels in
the segments.

Contralateral EEG. Another means of detecting arti-
fact contaminated EEGs is to automatically eliminate all
segments corresponding to times at which the contralateral
EEG has been considered to be artifactual. We assume that
if there is an artifact on one side, then the other side has
some form of artifact as well. However, in the event that
there is no artifact on the considered side, some genuine
EEG will be eliminated. This does not pose a great problem
in the prolonged EEG: in comparison to the amount of
available data, the loss of some non-artifactual data does
not influence the AAS-EEG results to a great extent.

2.2.2. Amplitude measure
The amplitude measure is simply the average amplitude

over a segment. Letxj(n) be the segment under considera-
tion, wherej is the segment number, then the average ampli-
tude for each channel in thejth segment is determined as

Aij =
1

Mj
∑
Mj

n=1
lxij (n)l i =1,2, …,P (8)

whereMj is the number of points injth segment andi is the
channel number.

2.2.3. Frequency measure
Many researchers have attempted to define some repre-

sentative measure of average frequency; however, there is
no consensus on a good measure. One such measure has
been recently described by Krajca et al. (1991)

FDIFF = ∑
Mj

n=1
lxij (n+1) −xij (n)l (9)

whereMj, j and i are as in Eq. (8). It can easily be shown
(Wendling, 1996) that Eq. (9) is inadequate in representing
the spectral characteristic of the EEG. We present a new
measure that, in some ways, describes the central frequency
tendencies of the EEG segment. Given a signal modeled by
an Autoregressive (AR) model of orderP (P . 2), it may
be possible to track the central frequencies by the coeffi-
cients of a reduced order model. The hypothesis is that the
reduced (or insufficient) order AR model will compensate
for higher model order by fitting the signal in a manner that
reflects its power distribution (i.e. amplitude at different
frequencies). Specifically, the frequency value derived
from the estimated AR coefficients of a second order
model is affected by the relative power of each frequency
component in the input signal. We may therefore consider
it to represent the frequency content of the signal. Although
central frequency connotes a specific meaning, we have

used this term here to describe the new measure of
frequency. Fig. 3 illustrates this measure using simulated
data.

Fig. 3a shows that when the input signal spectrum has
only one peak, it is well modeled by a second order AR
model and the estimate of the frequency is exact. Fig. 3b
shows the spectra of a simulated signal with several peaks.
In this case, the estimated central frequency is 3.6 Hz in the
neighborhood of 3 Hz (the frequency with maximum
power). The second order AR model did not lock onto
this 3 Hz peak, but instead modeled the overall spectrum
as can be seen by the dashed curve. The central frequency
reflects the existence of frequencies other than the dominant
3 Hz.

In Fig. 3c, we add a higher frequency component to the
signal of Fig. 3b and see that the estimate of central fre-
quency is skewed to the right to reflect the addition of this
signal component. Similarly, in Fig. 3d we increase the
power of the additional higher frequency component. This
causes the central frequency to be further skewed to the
right in response to the additional power at a higher fre-
quency.

2.2.4. Frequency-weighted energy measure
The third feature used to describe the EEG segments is

the frequency-weighted energy as calculated by the
expected value of the output of the nonlinear energy opera-
tor. It can be calculated using Eq. (2) whereW is described
by Eq. (3). This energy is different frommean-square
energyas it reflects the frequency as well as the amplitude
content of a signal. Amplitude and rhythmicity are both
used in the visual EEG evaluation. The frequency-weighted
energy, determined by the NLEO, inherently combines both
of these notions into a single measure. As such, we feel that
the resulting frequency-weighted energy is different from
frequency or amplitude features and should be used as an
additional feature in the proposed AAS-EEG technique.

2.2.5. Multichannel feature vector
The feature vector,fi, consists of 3 features for each

channel, namely, the amplitude, central frequency and the
frequency-weighted energy. In the multichannel case, we
generate a larger feature vector with 3P entries by concate-
nating the feature vectors of each channel within the seg-
ment

Fj = [f1j lf2j l…lfPj] (10)

where the subscript ‘j’ represents the segment number and
P the number of channels.

2.3. Classification of the segmented EEG

The third step in the AAS-EEG analysis is the classifica-
tion of the segments generated in step one into groups that
are of similar types. This was first attempted by Bodenstein
and Praetorius (1977) using Ward’s hierarchical clustering
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method (Ward, 1963). Other investigators have tried the
probabilistic approach (Bodenstein et al., 1985), fuzzy clus-
ter analysis (Amir and Gath, 1989; Krajca et al., 1991) and
variant ofk-meansclustering algorithms (Sanderson, 1980).
In all work to date, classification of EEG segments has been
restricted to short duration EEG. In contrast, in the current
approach, we are applying it to prolonged EEGs. To do so,
we have chosen to use thek-meansclustering algorithm for
classification of the feature vectors (Eq. (10)) corresponding
to the segments.

The aim of the basick-meansalgorithm is to categorize or
divide J objects withn dimensions (in the current applica-
tion theJ feature vectors corresponding to theJ segments
with 3P dimensions) intok groups or clusters such that, the
within-cluster sum of distances between member points and
the centroid is minimized. In general, the globally optimal
solution for large values ofJ, n andk is not feasible, hence a
locally optimal solution is sought. In implementing thek-
meansalgorithm, two key difficulties are encountered: (1)
the lack of a priori knowledge of the number of natural
clusters in the data, and (2) the seed values for cluster cen-
troids.

Further, in the computer analysis of EEG, the identifica-
tion and elimination of artifactual segments is generally a

difficult problem. This becomes even more problematic in
the clustering stage. To deal with these we have developed
an ad hoc clustering procedure based around thek-means
algorithm. We have made a special effort in identifying and
eliminating EEG segments contaminated with artifacts that
were not eliminated by the strategies described earlier. This
greatly improves the clustering process and the results of the
AAS-EEG procedure. Table 1 describes the steps in the
algorithm.

The general strategy in our classification procedure
revolves around iterative clustering. First, we organize
the feature vectors into a number of clusters that exceeds
the number of presumed or natural clusters within the
data. By natural, we mean clusters in which there is a
clinically relevant differentiation of the EEG segments. It
is expected that some of the extra clusters will correspond
to EEG that has no clinical value (i.e. possibly segments
containing remaining artifacts), while others may be redun-
dant clusters generated by splitting genuine clusters. In the
second stage of our clustering procedure, having eliminated
the unwanted EEG segments that can significantly influence
clustering, we recluster the data using the exact number of
desired clusters. If it is suspected that some artifact contami-
nated EEG segments still prevail, then this strategy can

Fig. 3. Illustration of the frequency measure of central frequency based on the second order AR model. (a) AR model order matches the order of the signal.
Frequency estimate is exact. (b) AR model order much less than the signal order. Frequency estimate does not match any of the signal components, but
models the central frequency. (c) Same as in (b), but with an additional higher frequency component. Frequency estimate increases to compensate for the
additional energy at higher frequency. (d) Same as in (c), but with an increased power in the additional higher frequency component. Frequency estimate
increases to compensate for the increased power.
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always be applied iteratively. In our experience with the
algorithm, this was not necessary as it did not greatly
improve the results. The following provides a brief descrip-
tion and reasoning for the key steps in the clustering proce-
dure of Table 1.

2.3.1. Initial parameters
Some key parameters must be initialized at the start of

clustering. The first is the number of clusters,kf, or the
number of different types of EEG patterns that are expected
in the data. While the number of possible EEG patterns is
large, Barlow et al. (1981) suggested that the number of
actual patterns in a single record can be expected to be 5
or fewer. For this reason we have chosenkf = 5. Experi-
menting with the post-operative EEGs used in this work
confirms thatkf = 5 is an appropriate choice. The second
parameter is the number of clusters with which to start,ki,
that must be larger thankf to accommodate any artifactual
EEG. We have chosen to useki = 9. Our own experimental
evidence suggests that most of the artifactual EEG can rea-
sonably fit into 3 or 4 clusters. The third parameter is the
threshold,Tmerge, which is used to merge clusters that are
too close together. This is defined as a percentage of inter-
cluster distance. A description of the inter-cluster distance is
given later in this section. By experimenting with the pro-
cedure we have settled onTmerge = 40%. There is no ideal
way of choosing this parameter since the merging of clusters
is generally a difficult problem and empirical adjustment
must be used.

2.3.2. Seeds for clustering
Thek-meansalgorithm requires initial seed points (clus-

ter centroids) around which clustering is performed. Several
methods (Anderberg, 1973) of choosing the seeds have been
suggested but no optimal approach exists. In our experience,
the choice of initial seed points is very critical in order for
the algorithm to converge to a reasonable solution. We have
used a variation of the method described in Anderberg
(1973).

The initial set ofki seed points can be found by using
some of the actual data points as the seed points. First a
large number of data points,k (k . ki) are randomly
selected thus allowing a good representation of the different
EEG types present in the record. Next, we reduce thek seeds
to ki as follows: Letdxy be the distance between any two
candidate seeds,kx andky. We reduce thek candidate seeds
to k −1 by replacing the two seeds having the minimumdxy

by their arithmetic average. By continuing this process
iteratively, thek candidate seeds can be reduced to the
desiredki seeds. In this way, we ensure that the initial set
of seeds are in regions that represent different EEG types.

2.3.3. Cluster merging
After the initial redundant clustering, it is necessary to

reduce theki clusters to the desired number ofkf final clus-
ters. This is the objective of steps 5 through 7 in the algo-
rithm of Table 1. These steps involve the elimination or
merger of clusters after the initial clustering has been per-
formed. First, any cluster containing fewer than a prespeci-
fied number of members (Nout) is considered as an outlying
cluster and removed from any further processing. In this
paper, we usedNout = 0.5% of the total number of segments.
The corresponding EEG segments are placed in the artifact
category. It is possible that such segments contain clinically
relevant transient information; however, our intention here
is to assess the background EEG. Other methods are avail-
able for the detection of rare events. With respect to the
background assessment there may be a loss of less than
0.5% of the total number of segments in the record.

The next step is to separate the remaining clusters into
two groups. The idea is to isolate clusters that are far away
from the majority of clusters. We want to minimize the
dominance of any remaining outlying clusters in the cluster
merging process. We do this by placing all clusters with an
inter-cluster distance greater than 2 standard deviations of
the mean distance into one group; while the remaining
clusters form the second group. The inter-cluster distance
is defined as the mean of the distances from the considered
cluster centroid to all other cluster centroids in the set.
The clusters within the two formed groups can then be
merged independently to eliminate redundant clusters. To
do this we have developed a cluster merging algorithm that
depends on the inter-cluster distance and a merging criter-
ion, Tmerge = 40%.

The following algorithm can be used to merge clusters
that are too close together. Letd(kx,ky) be the Euclidean
distance between the centroids of clusterskx andky andd̄ be
the average distance between all pairs of cluster centroids. If

Table 1

Clustering strategy for m-channel segments

Step 1 Set initial parameters
1.1 kf, final number of clusters desired
1.2 ki, initial number of clusters to start with
1.3 Tmerge, cluster merging criterion. A percentage

of average inter-cluster distance
Step 2 Adjust/scale volume of feature space
Step 3 Find initial,ki, seeds for clustering
Step 4 Cluster usingk-meansalgorithm
Step 5 Find outlier clusters. Eliminate all members

belonging to these clusters
Step 6 Separate remaining clusters into two groups

usingTmerge) criterion
Step 7 In each of the two groups generated in the last

step, merge clusters that are too close together
using a user supplied fraction of average
inter-cluster distance

Step 8 Readjust/rescale volume of feature space to
accommodate the elimination of outliers

Step 9 Using the centroids of current valid clusters as
candidate seeds, determinekf seeds for final
clustering

Step 10 Recluster usingk-meansalgorithm
Step 11 Remove outliers clusters, if any
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min(d(kx,ky)) ,
Tmerge

100
d̄

then merge thekx andky clusters

kx ∪ ky → kx

Repeat until the above criterion is not satisfied.

2.4. Display of compressed EEG for clinical use

The effectiveness of the AAS-EEG is dependent on its
presentation. The output of AAS-EEG is displayed in two
components. The first one displays a representative segment
from each of the 5 clusters. We have chosen to display the
segments closest to the cluster centroids. The second com-
ponent consists of chronological sequence of EEG patterns
(time profiles) that has been color coded to relate each seg-
ment to a particular cluster. The duration of each segment on
the time profile is proportional to the duration of each EEG
segment in real time.

These two components of the AAS-EEG can be used to
provide a description of the prolonged EEG. Fig. 4 shows an
8 min portion of a time profile and relates the colors to
different patterns in the record. For example, the occurrence
of the first blue segment represents the EEG pattern
described by Type 5 activity. Thus, all subsequent occur-
rence of blue will represent the same type of EEG pattern.

To provide some anatomically relevant information the
AAS-EEG technique can be applied to multichannel record-

ings that are grouped corresponding to anatomical regions.
In our case, we formed two groups, one for the left hemi-
sphere and one for the right. We thus have two sets of
clusters and two time profiles of the EEG — one for each
hemisphere. This provides some information regarding
symmetry. We, therefore, have chosen to provide the clin-
ician with a summary consisting of two pages. The first page
provides a representative EEG segment for each type of
pattern for each side. In the representative segment dis-
played for each type, we have also included the contralateral
EEG. This provides the EEGer with extra information about
EEG symmetry. The second page provides two time pro-
files, one for each side of the brain, describing how the EEG
changes over time. Thus, the time profile consist of an hour-
by-hour dual horizontal line — one for the left and one for
the right hemisphere. Figs. 5a and 6a show an example of
the AAS-EEG output.

Where possible, we attempted to match the colors in the
time profile so that the same color represents similar EEG
types on both sides of the brain. This is generally a difficult
problem when the basis of cluster distinction is waveform
morphology. Color matching was attempted by comparing
temporal distribution of each EEG type in the right and left
hemisphere.

2.5. Validation

The proposed AAS-EEG technique compresses pro-
longed EEG into a two-page summary that can assist in

Fig. 4. Illustration of the time evolution of different EEG types for an 8 min segment.
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providing a general assessment of the background EEG. We
evaluate the performance and usefulness of the AAS-EEG
approach with the following validation protocols.

2.5.1. Initial EEG review
Two hundred thirty-seven 6 h sections of EEG, obtained

from 90 children following cardiac surgery, had been
reviewed by one of the authors for a previous study (Si et
al., in press). The age distribution of the children was from
newborn to 10 years. The EEGs were recorded in an 8
channel bipolar montage (F3-C3, C3-P3, P3-O1, F4-C4,
C4-P4, P4-O2, T3-Cz, T4-Cz). These EEG sections were
assessed based on a review of the first 15 min in every hour
to quantify various features of the background, along with
any events considered significant and labeled by the record-
ing technician. The following features were quantified:
amplitude, symmetry, time variability and overall back-
ground. Each feature was assessed according to 7 cate-
gories: normal, normal to mildly abnormal, mildly abnor-
mal, mildly to moderately abnormal, moderately abnormal,
moderately to severely abnormal and severely abnormal.
This provided a database of pre-assessed EEGs that could
be re-evaluated using the proposed AAS-EEG procedure.

The above classification of EEGs into 7 categories is
currently in use in our laboratory. Of course, other clinicians
may use a coarser classification scheme. The classification
of EEGs is only used to assess the performance of the AAS-
EEG approach. Whether it is detailed or coarse, it does not
influence the actual method since it only serves to evaluate
performance. If a less detailed classification is used, an
improved performance of the AAS-EEG method should
be expected.

2.5.2. Review of AAS-EEG generated compressed EEG
Forty-one 6 h sections were chosen randomly from the

reviewed records. The output of the AAS-EEG was then
reviewed by one EEGer who was informed only of the
age of the patient. To minimize the chance of reviewer
bias due to the initial review of the complete EEG, the
patient name was removed from the compressed EEG and
an 8 month period elapsed between the initial EEG review
and the current evaluation. Despite our attempts in minimiz-
ing reviewer bias, it should be noted that EEGers can often
recognize interesting EEGs based on particular patterns.
Given that only selected sections were presented, we believe
this is not a major problem. The compressed EEG consisted
of two representative segments of each EEG cluster as
determined by the classification stage and two 6 h time

profiles (one for each hemisphere) describing the time evo-
lution of the EEG. The representative EEG segments for
each type were the two segments closest to each cluster
centroid and lasting more than 7 s. It should also be noted
that representative segments included the EEG from both
hemispheres, even though they represent the EEG type of
only one side. Bilateral EEG was presented to assist in
evaluating symmetry.

The compressed EEG was then reviewed according to
various features. Amplitude and symmetry were assessed
based on the representative samples. Time plots were used
to identify the onset and offset of periods of asymmetry.
Time variability was assessed according to age-dependent
sleep feature identification. The time plots were used to
confirm that the identified features changed in an appropri-
ate manner and also to locate periods of any paroxysmal
events.

In addition, an assessment of improvement, stability or
worsening of the EEGs was made based on the combined
information provided by the time plots and the segments
representing different types of EEGs. Any other character-
istic extracted from the compressed data was noted.

Assessment for each feature and the overall background
EEG were then tabulated and compared to the results
obtained from the conventional review method using a con-
tingency table. Percentage of agreement on the abnormality
scale, described earlier, was computed. Four different
values were computed: complete agreement, agreement to
within one half-level, agreement to within one level and
agreement beyond one level.

3. Results

We present two examples of the compressed EEG
obtained by applying the AAS-EEG technique. These
serve two purposes: first they show typical compressed
EEGs for a record where the EEG is relatively unchanging
in one, while there are clear changes in the other. Second,
we use them to describe the differences in the time profiles
for different EEG records. Figs. 5a and 6a show the com-
pressed version of a record that contains 5 clear patterns
(EEG types). Fig. 5a shows the representative segments
for each of the clusters in the left and right hemispheres
and Fig. 6a shows the time profiles of these segments.
Examining the time profile, it is clear that there is an agree-
ment in the time variability of the EEG pattern between the
left and right hemispheres. Matching of the left and right

Fig. 5. (a) Example of the output of the AAS-EEG technique for a 6 h section of EEG in which there are clear changes in EEG patterns. Representative EEG
types present in the two hemispheres. All five clusters in the two hemispheres have been matched so that the numbered EEG types represent the same types of
EEG on the two sides. (b) Example of the output of the AAS-EEG technique for a 6 h section of EEG in which there is no clear clinical time variability.
Representative EEG types present in the two hemispheres. In this case the cluster matching resulted in only one cluster that matched. This is primarily due to
splitting of natural clusters (thereby, the randomness in the cluster assignment).

Fig. 6. (a) Time profile of the EEG for the two hemispheres shown in Fig. 5a. (b) Time profile of the EEG for the two hemispheres shown in Fig. 5b.
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side EEG time profiles (i.e. cluster matching) resulted in all
5 clusters on the two sides being matched. This indicates
that all 5 EEG types in this record are distinct and there is a
good likelihood that there is no asymmetry in this record. It
should be noted that the time profiles in the two hemispheres
are not time-locked because the EEGs of the two hemi-
spheres were segmented and analyzed independently.

Figs. 5b and 6b show the results of applying the AAS-
EEG technique to an undifferentiated EEG record, as illu-
strated by the similarity of the patterns in Fig. 5b. In this
record, we have at most two EEG pattern types. Thus, by
splitting the segments into 5 clusters, we force some ran-
domness in their organization, resulting in a poor agreement
between the time profiles of the two hemispheres (Fig. 6b).
Since the analysis of the two hemispheres was done inde-
pendently, it is expected that the two time profiles will show
a poor agreement in time distribution of the segments. How-
ever, by using the representative segments and time profiles,
it is still possible to make an adequate decision as to the
normality of the record. Moreover, cluster matching
resulted in only one cluster that matched in the time distri-
bution on both sides. Examining the time profile in Fig. 6b,
it is evident that most of the first 4 h are dominated by
cluster 1 (one that matched on the two sides). In the last 2
h the trend is away from this cluster, towards a more sup-
pressed EEG type (cluster 2). This record is severely abnor-
mal, with markedly suppressed EEG and the change in the
time profile appears to indicate worsening of the EEG.

The distribution (in terms of overall normality as deter-
mined by conventional reviewing) of the 41 6 h sections of
EEG used in the validation of the AAS-EEG technique is as
follows: 14 normal, 6 normal to mild, 8 mild, 3 mild to
moderate, 7 moderate, 1 moderate to severe and 2 severe.
In 3 of the 41 EEGs the AAS-EEG generated fewer than the
desired number (5) of clusters; however, they were still
considered in the validation. The validation results are pre-
sented in contingency Tables 2, 3, 4 and 5. Table 2 shows
the overall assessment of the background; the validation
results of the different attributes of the EEG (amplitude,
symmetry and time variability) are presented in Tables 3–
5. For the overall assessment of the EEGs, there was a
43.9% agreement with conventional EEG reviewing,
73.2% agreement within one-half level and a 100% agree-
ment within one level. The agreement for amplitude was
better than for overall assessment, for symmetry marginally
better and for time variability marginally worse. The agree-
ment results are summarized in Table 6. Only the time
variability feature had a less than 100% agreement to within
one level (7.3% agreement beyond one level).

4. Discussion

During most long-term monitoring procedures, there are
extensive periods when the EEG is unchanging. When it is
changing, it often fluctuates between a few different pat-

Table 2

Overall assessment

Compressed EEG review

Norm Norm-Mild Mild Mild-Mod Mod Mod-Sev Sev

Conventional Norm 8 1 5 0 0 0 0
EEG review Norm-Mild 4 1 1 0 0 0 0

Mild 3 0 4 1 0 0 0
Mild-Mod 0 0 0 2 1 0 0
Mod 0 0 1 0 2 2 0
Mod-Sev 0 0 0 0 0 1 0
Sev 0 0 0 0 2 0 0

Norm, normal; Mod, moderate; Sev, severe; Mod-Sev, moderate to severe.

Table 3

Amplitude assessment

Compressed EEG review

Norm Norm-Mild Mild Mild-Mod Mod Mod-Sev Sev

Conventional Norm 15 0 2 0 0 0 0
EEG review Norm-Mild 2 1 0 0 0 0 0

Mild 1 1 3 3 0 0 0
Mild-Mod 0 0 0 1 1 0 0
Mod 0 0 1 2 3 2 0
Mod-Sev 0 0 0 0 0 2 0
Sev 0 0 0 0 1 0 0

Abbreviations: see Table 1.
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terns. We, therefore, felt that a method that could identify
these patterns and provide their time distribution would give
a ‘bird’s eye view’ of a long recording.

We have produced a method for summarizing prolonged
EEG records — Automated Analysis of Segmented EEG
(AAS-EEG) — that should allow clinicians to evaluate the
normality of a record and identify any salient trends or acute
changes relatively quickly. This method can be potentially
employed with records of any duration using any number of
channels. This contrasts with currently available EEG com-
pression routines that work with only a limited number of
channels for relatively limited periods of time (few hours in
the case of CSA, or longer but with fewer channels for
integrated amplitude displays). The output of the AAS-
EEG method consists of two pages: the first demonstrates
the main types of EEG present in the record, and the second
shows the temporal distribution of the EEG types during the
recording period. Unlike CSA or other such methods, our
method presents actual EEG segments that are representa-
tive of the long recording. No new interpretive skill is there-
fore required: any person familiar with EEG can evaluate
the results. The compact nature of the resulting display
means that these few pages can easily be reviewed by a
clinician at a remote site (for example at his or her home)
using fax or modem. This information will allow the clin-

ician to quickly assess the background and identify any
deterioration and thus come to timely decisions about
care, and the urgency of the situation. It is important to
remember, however, that it will not allow them to make a
definitive diagnosis, nor to identify brief transient abnorm-
alities such as infrequent seizures (although we have noted
that in some cases seizures are clearly identified as a distinct
EEG type using this method). Other methods are already
available to identify these events. At a time when prolonged
digital EEG recordings are providing invaluable but
unwieldy amounts of data in the ICU setting, the AAS-
EEG method has a clear role. This method is not intended
to replace the standard EEG, but rather to allow a quick
initial assessment of the background.

Our preliminary validation of the AAS-EEG method con-
firms that it provides the relevant clinical information
required to make an assessment of background abnormal-
ities. When asked to provide an overall assessment of the
EEG, the evaluation by the reviewer using the AAS-EEG
method agreed with the routine evaluation to within one
level on the abnormality scale for all 41 6 h sections, and
was within one half-level 73% of the time. When specific
features of the EEG were assessed, similar agreement was
reached with evaluation of amplitude and symmetry. The
results obtained for time variability were slightly poorer,

Table 4

Symmetry assessment

Compressed EEG review

Norm Norm-Mild Mild Mild-Mod Mod Mod-Sev Sev

Conventional Norm 22 2 2 0 0 0 0
EEG review Norm-Mild 5 0 0 0 0 0 0

Mild 8 0 0 0 1 0 0
Mild-Mod 0 0 0 0 0 0 0
Mod 0 0 1 0 0 0 0
Mod-Sev 0 0 0 0 0 0 0
Sev 0 0 0 0 0 0 0

Abbreviations: see Table 1.

Table 5

Time-variability assessment

Compressed EEG review

Norm Norm-Mild Mild Mild-Mod Mod Mod-Sev Sev

Conventional Norm 14 1 0 1 1 0 0
EEG review Norm-Mild 2 0 0 1 0 0 0

Mild 0 0 4 2 0 0 0
Mild-Mod 0 0 0 1 4 0 0
Mod 0 0 1 1 4 0 1
Mod-Sev 0 0 0 0 0 0 0
Sev 0 0 0 0 3 0 0

Abbreviations: see Table 1.
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and reflect the reliance, during routine EEG review, on the
identification of specific features, such as spindles and K
complexes, which may not be apparent in the AAS-EEG.
Another advantage of the AAS-EEG method, however, is
that it provides information about gradual changes of the
EEG. This is because it presents a summary of the EEG over
long periods of time, and those data are difficult to appreci-
ate when reviewing an EEG page by page.

The success of the AAS-EEG method depends on its
ability to display examples that truly reflect the main
types of EEG within a recording and demonstrate their dis-
tribution in time. Identification of characteristic EEG seg-
ments depends on many steps within the program, and we
believe that the strength of the method lies in the details
within each part of the algorithm. Many of the steps
employed here have been reported in the literature in var-
ious attempts to analyze EEG signals; however, we are not
aware of any study that has combined the methods in this
way or analyzed prolonged EEG recordings. A fundamental
component of the AAS-EEG method is the segmentation of
the EEG into pseudo-stationary sections. Other attempts to
segment EEG have met with limited success, either because
they segment the EEG into sections of predetermined dura-
tion (and therefore ignore the boundaries of stationarity), or
segment the EEG according to changes in only one feature.
Most available methods use amplitude alone to determine
segmentation; this ignores the clinically relevant role of
frequency in the EEG. By using a novel measure of fre-
quency-weighted energy, we have been able to incorporate
frequency measures into our criteria for the segmentation of
pseudo-stationary pieces of EEG. Thus far, we have applied
this method to the independent segmentation of groups of
channels on either side of the brain. We are currently exam-
ining the prospect of segmentation across all available chan-
nels simultaneously. This may simplify the temporal profile
of the EEG types, without reducing any information in the
EEG sample segments.

Having segmented the EEG in a way that makes sense
from a clinical point of view, we then group all the segments
into clusters according to how similar they are to each other.
For this we use a variation on thek-meansmethod. A major
concern when trying to identify main EEG types is to deter-
mine how many natural clusters there are. This is a difficult
problem, and we have addressed it by using an iterative type

of clustering algorithm and devising a novel way of ensur-
ing an appropriate distribution of seed points. We have cho-
sen to use a maximum of 5 clusters, some of which may be
redundant when applied to invariant EEG records. If this is
the case, it is trivial to allow the reviewers to recluster (with
fewer clusters) based on their decision as to which clusters
are redundant. By allowing the reviewers to decide for
themselves we have, in part, resolved the issue of determin-
ing the number of natural clusters.

Another major component of the AAS-EEG method is the
multi-level artifact rejection feature. Some effort was made
to identify and reject artifacts at the level of the initial
segmentation, and subsequently in clustering. This simpli-
fies the review process and more closely mimics the beha-
vior of the clinician.
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