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Abstract. Visual analysis and scoring of sleep EEG waveforms is a workload, which 
at times may cause rater boredom. The inter-rater variability with sleep EEG scoring 
is considerable. Automated methods for sleep EEG analysis aim to offer methods for 
fast and objective analysis of sleep EEG recordings. In this paper we discuss aspects 
of using the visual scorings in the development of the automated analysis methods. 

1. Introduction 

Visual scoring of sleep EEG waveforms depends on the scorer's experience and skills, and 
is inevitably somewhat subjective. The inter-rater variability related with sleep EEG 
scoring has been investigated in many studies. In visual sleep stage scoring with 
30-second intervals using the standard method [ l ]  a typical level of agreement between 
different scorers is about 70 - 80% [2]. Computer based sleep analysis methods often use a 
more accurate one-second interval and the comparison of these two approaches is difficult. 
The importance of the conventional scoring routine will probably decrease in the future, 
but still it will be used as a reference method to new computer methods for a long time. 

In this paper we are focusing more on the waveforms of sleep microstructure. Sleep 
spindles are one of the most important short-lasting sleep EEG waveforms having a typical 
duration of less than one second. EEG arousals having somewhat longer duration with 
three or more seconds are the other exarnple considered in this paper. The inter-rater 
variability with these short waveforms is presumably at least as large as with sleep staging - [3, 41. A significant inter-rater variability was found also in a study on epileptic EEG 
activity [5]. There may be slight differences in the definitions of waveforms between sleep 
laboratories, which increases the variability. There are often more than one thousand 
spindles in one all-night recording and scorings have to be made rapidly. If the visual 
markings of the waveforms are done hastily there may be some inaccuracy in the scorings 
with respect to beginning and end of the waveforms. The purpose of this paper is to discuss 
various aspects of using the visual scorings in the development of automatic analysis and 
provide some examples. 

2. Effects of scoring on automated analysis 

Automated methods aim to help the analysis work of sleep EEG recordings. These 
recordings are done overnight, typically fiom 23.00 to 07.00 using a sample rate of 100 or 
200 Hz. The goal is automated or semi-automated analysis of sleep EEG waveforms. 
Usually, the first step in these methods is the feature extraction, where feature values are 
extracted fiom the EEG signal, often using one-second intervals. 



Spindle waveforms are usually scored by indicating the beginning and end of the 
waveform with a resolution of the order of 0.01 s. In the development of feature values, 
usually one EEG channel is studied first. In Fig. 1 a spindle waveform with a duration of 
0.7 s is in the middle of the two-second segrnent. Depending on the type of the feature 
values, the spindle wave is "seen" to some extent in feature values extracted on both 
seconds. The problem is, on which of the two seconds has the highest feature values, in 
other words, which second is the "centre" of this scored spindle. In this presentation this is 
called alignment between visual scoring and automated method. In the development of 
automated methods alignment has a considerable effect on, for instance, training or tuning 
a method for feature vector classification. 

One quantitative example of alignment could be the estimation of amplitude distribution 
of the spindles in one recording. The spindle activity amplitudes (band-pass (10 - 16 Hz) 
filtered peak amplitude determined at one-second intervals) were collected from visually 
scored spindles. First only the second with the peak of spindle-band activity was selected. 
Secondly the beginning and end of the visual scoring were rounded to the nearest second 
and that second (or sometimes a few seconds) was selected. Both methods seemed 
reasonable. The curves obtained in these two cases are presented in Figure 2. Mean values 
of these distributions are 19.0 pV and 14.4 pV. There is a clear difference in these two 
values. The first method may be closer to the true one, though it did also contain erroneous 
samples when waveforms with two different frequencies were adjacent. For instance, if a 
spindle was immediately followed by a waveform with a larger amplitude but somewhat 
lower frequency, the peak amplitude was assigned to the lower frequency. It is probable 
that the latter method brings also borderline cases and that is why the amplitudes are lower. 
The alignment is a considerable problem in the analysis of short waveforms like the 
spindles. In this case of feature vector of dimension one some reasoning was possible to 
minimise the effect of alignment. The collected feature values could be used, for instance, 
to select the best threshold value for a level detector. The better the effect of alignment can 
be minimised, the better level detector performance can be expected. With more complex 
feature values it may be more difficult to use reasoning. With arousals it may be 
impossible to locate the "centre" of individual arousals due to fact that arousal waveforms 
are very variable. 
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Figure 1: Two-second segment of sleep EEG with one visually scored spindle in the middle of the segment. 



Figure 2: Amplitude distribution of spindles in one all-night recording. The 
collection of amplitude values was done using two rnethods: first by selecting 
only the peak amplitude during a scored spindle (solid line) and secondly by 
rounding the beginning and end of the scoring to nearest second (dashed line). 

Multi-channel versus single channel scoring 

Usually a feature vector of dimension of three to eight is extracted on one channel (at a 
time). Uncertainty arises if the visual scoring is based on all EEG channels. When the 
features are extracted from one EEG channel, one cannot be sure if the wavefom exists on 
that particular EEG channel at a given time. If the feature pattem for the spindle on the 
right in Fig. 3 is extracted from the top EEG channel, the spindle will not be seen in feature 
values. If the feature pattem is extracted from the second EEG channel from the top, it will 
be seen in feature values. The multi-channel scoring may cause serious problems unless the 
automated method can utilise infomation extracted from all EEG channels. Often a good 
idea might be to refine the scoring to be based on only the channel(s) the automated 
method utilises. 

Figure 3: Nine-second segment of sleep EEG with two visually scored spindles. 



Result calculus 

The details of result calculus effect the fmal results of the study. Different results may be 
obtained if only the "best" portion of the data is selected instead of the total length. It can 
be decisive what kind of time resolution is used in counting the true and false positive 
fmdings. The alignrnent issue has to be considered in this context to have results that 
describe the true performance of the method. The inter-rater variability in scoring has an 
effect on the results, too. This is why consensus scoring is sometimes used to have the 
visual scorings as reliable as possible. The more consistent the scorings are between the 
training and test data the better method performance should be reached. Comparison of two 
different detection methods should be done using exactly the sarne data and method to 
count the results. 

3. Discussion 

With arousals, one type of scoring seems not to be enough to train a method successfully 
due to many different types of arousals. Training a classifier with such conflicting data can 
easily fail. Arousal type specific scoring could provide better examples for development of 
the automatic detectors. 

The benefit of the automated sleep EEG analysis is that it is not dependent on the rater. 
The automatic analysis performed with the sarne methods in different laboratories is 
consistent. On the other hand a human rater still understands the context of the waveforms 
better than automated analysis methods, which causes additional disagreements between 
visual and computer analysis. From the method developer's point of view, channel-specific 
scoring would be preferred in most cases. It is very useful to plan the visual scoring 
relating to a certain study in advance and prepare for the inaccuracies. One should of 
course not bias the scorer, if the automated method already exists and one knows how it 
works. 
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