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ABSTRACT
DEVELOPMENT OF AUTOMATIC SLEEP STAGE DISCRIMINATION
USING PERIOD ANALYZED EEG
Roderick C. Pruett

A sleep stage classification method has been developed which uses
variables derived from the Period Analyzed EEG to discriminate seven
stages of sleep with accuracies of 88-99%.

Period Analysis is a method

through which the vast EEG data base can be condensed to a relatively
small number of highly informative values.

These values are the numbers

of zero-crossings per second of the signal and its first and second
derivatives.

Stepwise discriminant analysis was used to determine which

of these variables to use, and to calculate coefficients for six class¬
ification functions, based on a learning set of visually classified
EEG samples.

To evaluate the performance of this method various learn¬

ing and test sets from the same subject were used, obtaining agreements
with the visual classifier of 96-99% on reclassifications of the night in
the learning set, 90-94% on intra-night test sets, and 88-94% on test
sets isolated from the learning set by a month.

Stage REM was dis¬

criminated from the EEG without the use of EOG leads, along with Stages
I-IV, Awake, and Artifact.

These inter-night hit rates were much high¬

er than others in the current literature, and even greater than published
inter-judge or even intra-judge agreements when reclassifying the same
samples - indicating a sleep stage classification system which is both
highly accurate and extremely precise.
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I.

INTRODUCTION
A.

General Background

Thirty to forty percent of every person's life is spent in an
activity of which very little is known - sleep.

More detailed informa¬

tion is known about each of a thousand different activities which oc¬
cur during our waking state, than is known about that state of mind
which every person returns to every day of his life, for eight hours
of each day.

Why?

Perhaps it is because of the lack of consciousness

during sleep which prevents introspective awareness and analysis of
what is occurring in this state.

Perhaps it is because of the vast

complexity of the electroencephalogram - one of the psychophysiological
parameters investigated in studies of state of consciousness.

The EEG

contains large amounts of information about the brain's activities but
is extremely complex and hard to analyze because it is a composite of
so many information-carrying signals.
In recent years, however, more researchers have recognized the
power of signal analysis and information theory techniques, and applied
them to areas of research beyond classical electrical systems analysis.
Bio-engineers are serving as a bridge between the areas of research
which are developing these analytic techniques and areas where these
techniques are needed to aid research of physiological or biological
systems as well as electrical systems.

By "carrying water on both

shoulders", today's bio-engineer is trained to be fully competent in his
area of Electrical Engineering systems analysis as well as in one or
several areas of physiological application - so that he will be able
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to bring his systems-theory bag of tools into the area of biological
research and apply them as neither an unaided biological researcher or
a systems analyst without physiological background would be able to.
The EEG finds itself as a prime target for this type of coordinated
research, as it is one of the predominant electrical signals of the
body - requiring advanced signal analysis techniques to extract useful
information from such a composite signal.

The ability to discriminate

sleep stages is important in many areas of sleep research.

One area of

study investigates the effects of daytime activities and stresses on the
sleep profile.

The durations, quantities, and onset delays for each

stage are studied after various activities, such as during space flights
(Frost, in Burch, 1975).

Real-life stress was found to reduce Stage IV

activity and enhance galvanic skin responses in the other stages (Lester,
1967) .

Schizophrenics show increased REM fast activity and epileptics

show increased activity in Stages III and IV (Lester, personal communi¬
cation) .
Chronic alcoholics have frequent arousals and stage transitions,
and show a suppression of Stage IV upon alcohol withdrawal, due to a
drastic reduction in delta wave amplitude to below the present criteria
(Rundell, 1972).

The gradual return of Stage IV sleep after withdrawal

is indicative of the extent of recovery.

Ingestion of alcohol dis¬

rupts sleep by suppressing REM activity and increasing its onset latency,
by suppressing K-complex and spindle activity, and by causing a transient
potentiation of Stage IV sleep, in both alcoholics and normals.

These

sleep studies corroborate the need of alcoholics for alcohol to alle¬
viate withdrawal symptoms, although its presence continues to disrupt
their behavior.
Insomniacs are found to have less REM and more Stage II sleep
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(Kales, 1973),

Some hypnotic drugs suppress REM, with a subsequent re¬

bound upon withdrawal (Kales, 1974).

Chronic doses of these drugs

cause sustained REM suppression and complete elimination of Stages III
and IV.

Sleep profiles indicated that within two weeks, all hypnotic

drugs tested had lost effectiveness for sleep induction and maintenance.
In normals, sleep cycle shifts are found to effect the sleep pattern
and neuroendocrine function (Weitzman, 1968).
Research on the reverse problem - the physiological effects of
sleep deprivation - is less conclusive.

Deprivation of Stage IV or

REM sleep is followed by a compensating rebound of activity in those
stages (Johnson, 1974).

Current results are indicating that the body

does not have unique needs for these two stages, but that they may be
functionally equivalent.

Current debates on whether sleep should be

lumped into Stages REM, non-REM (currently Stages II, III, and IV),
and Awake (including Stage I) indicate a need for cluster analyses to
determine the significant boundaries between types of sleep.
These studies demonstrate the importance of sleep stage discrimina¬
tion for research on the effects of psychopathology and disease states.
Many of these EEG studies have been summarized in Behavior and Brain
Electrical Activity (Burch, 1975).

This study deals with one aspect of

such EEG analysis - the use of signal analysis and pattern recognition
techniques upon the human EEG to discriminate the various stages of
sleep, developing both a practically realizable automatic sleep stage
classifying machine and an approach for looking further at the underly¬
ing causes and effects.
B.

Statement of Objectives

The original goals of this study were to investigate various
methods of analyzing the sleep EEG, and to determine whether it is
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possible to extract significant sleep stage identifying information
from the Period Analyzed EEG (explained in detail later) using signal
analysis and pattern recognition techniques.

The difficulty lies in

finding a method which can vastly condense such a large and composite
data base to a concentrated indicator of conscious state, yet still be
sufficiently insensitive to artifact to discriminate all epochs of a
sleep night - not just epochs selected as being representative of that
sleep stage and without artifact.

The current literature on automatic

sleep stage classification was studied extensively, and several methods
were investigated and tested further - including Walsh function analy¬
sis and Gram-Charlier series transformations.

The method which was

finally chosen consisted of entering derived statistical features of
the Period Analyzed EEG into stepwise discriminant analysis which
would determine which of these variables contained the most information
for discriminating sleep stages, how these variables should be weighted
to produce an automatic sleep staging paradigm, and give some type of
dependability figures of merit for the stage classifications.
It was hoped that this procedure would also be able to discriminate
Stage I-REM from non-REM Stage I, be insensitive to small amounts of
artifact, and be able to identify periods of prolonged artifact.

Using

an eight lead montage would make it possible to look at the spatial
sleep pattern - indicating which leads give the best sleep stage discrim¬
ination, as well as provide a more thorough grasp of this data base.
The multiple lead montage would also make the system more tolerant when
one lead is loose or contaminated with artifact.

It was also hoped that

there would be sufficient extrapolation of discrimination from the
learning set to the test set when the two were no longer from the same
or similar (adjacent) nights of sleep, so that the method could be
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practically applied to unconstrained, all-night sleep records.

In

this research, the approach was not only to develop a practical auto¬
matic sleep stage classifier, but through the development of the class¬
ifying technique to contribute to the research on the underlying
relationships between states of consciousness and the EEG.
C.

Summary of Results

The method developed in this paper did exhibit a capability for
accurately discriminating sleep stages, and was further developed using a
data base of 1,443 one-minute epochs recorded from the author during three
nights of sleep.

The resultant staging method was quite accurate compared

to results in the literature, and practically realizable.
In addition to obtaining hit rates of 90% - 96%, the method was
powerful enough to yield both of the desired bonuses: It was capable of
successfully discriminating a severe artifact condition and, most sig¬
nificantly, it was capable of discriminating REM sleep from non-REM
Stage I without the use of the three EOG leads.

This is important be¬

cause it eliminates the need to apply three more bothersome leads on
the sleep subject's face, and because it demonstrates that this method
had a sufficient grasp on the sleep EEG data base to discriminate the
subtle difference in the underlying state of the EEG during REM-Stage I
sleep.

Many studies reported in the literature classify only epochs which

were selected to be clearly representative of their sleep stage, and
without artifact, but this method was also sufficiently insensitive to
minor artifact to allow accurate classification of all-night sleep records.
These results are summarized here for later comparison with those
in the literature.

This system's background in the literature, develop¬

ment, and results will be discussed in detail in the following chapters.
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II .

BACKGROUND
A.

The Electroencephalogram (EEG)
1.

Origination

The electroencephalogram is a vascillating electrical signal
which results from changing electrical potentials in the brain, which
can be measured via surface electrodes on the scalp, or depth elec¬
trodes implanted within the brain.
activating system in the thalamus
synchrony of the EEG.

A pacemaker system in the reticular
is thought to account for the

Rhythmic discharges from the thalamic nuclei

in the more primitive portion of the brain stem stimulate pyramidal
cells.

These in turn radiate to the cerebral cortex at the surface

of the brain, where upper level conscious processing is thought to
occur.

The electrical potentials from these firing neurons is con¬

ducted, summated, and attenuated through the volume conductors of the
glial (brain neuron supporting) cells and fluids, cerebrospinal
fluid, skull bone, and surface skin.

The resulting spatially averaged

EEG is in the range of 10-200uV. at the surface skin electrodes
(Gevins, 1975) .
The potentials at the surface of the skin are usually picked up
by small electrodes connected to sensitive amplifiers with high input
impedances.

The skin beneath these electrodes is cleaned with alcohol

and a highly conductive gel is placed beneath the concave electrodes
to maintain good electrical contact.

A low electrode impedance - below

five kilohms - with respect to the amplifier input impedance is re¬
quired to prevent signal attenuation and minimize motion artifact.
The electrodes are usually held in place with paraffin-soaked gauze.
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The outputs of these amplifiers are filtered and fed to multi¬
channel recorders which display the EEG signals on a long foldable
strip of paper.
2.

Procedure for recording

The data collection and analysis for this study were done at
TRIMS (Texas Research Institute of Mental Sciences).

The electrodes

were placed according to the international standard 10-20 system.
An eight lead monopolar or referential montage was chosen for ease of
sleep staging and clarity of spatial EEG origin (frequently bipolar
leads are used in which the recorded EEG signal is the difference
between two surface electrodes).

The eight leads are both left and

right frontal, central, occipital, and temporal (Fl-Al, F2-A2, C3-A1,
C4-A2, 01-A1, 02-A2, T3-A1, T4-A2, where Al, A2, and Ground are "indif¬
ferent" electrodes on the left ear lobe, right ear lobe, and right ear
mastoid, respectively).

These signals were amplified, filtered, and

recorded on a 16 channel Beckman Accutrace 16 at a speed of 15mm/sec
and a voltage scale of 7mm/50uV.
condition).

(This is the standard calibration

The Beckman Accutrace high-cut filter was set at 50 Hz

and the low-cut filter was set at a time-constant of 0.16 sec, and the
60 Hz notch filter was also on.
The electrodes were placed according to the international 10-20
convention as follows :
I.

Measure Nason to Inion distance ■ A
(front to back over top of head midline)
Nason: hollow of nose (where glasses rest)
Inion: prominence at back of head and neck, just under
skull
Mark 20% of A (from Nason) for frontal depth, 50%
for central-midline, 90% for occipital.
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II.

Ill.

Measure Zygoma to Zygoma = B
(side to side over top central-midline of head)
Zygoma: ear button in front of outer canal
Mark 10% of B from each Zygoma for temporal, 30% for central.
Measure from mid-front to mid-occipital = G
(front to back over temporal on each side)
Mark +/- 10% of C from front-to-back midline for frontals,
+/- 10% of C for occipitals, and +/- 50% of C for centrals.

This EEG recording procedure was chosen for compatibility with
other standard EEG research as well as for ease of sleep stage class¬
ification.

It is important for researchers in various labs to try to

follow these internationally standard montages so that results may be
comparable and meaningful in the general area of research and not done
just for the sake of an isolated project and paper.

As the literature

will show, much research has been done using hybridized electrode
placements and in-house sleep stage definitions.

The EEG research dis¬

cussed in this paper, however, was done with an eye toward aiding
further research by using standard montages and sleep stage definitions,
and using statistical measures derived from the standard Period Analy¬
sis variables that are used for many other research and clinical ap¬
plications in EEG labs.
B.

Sleep
1.

Origination and characteristics

Sleep has arbitrarily been divided into four depths (Stages I-IV)
plus Stage I REM (rapid eye movements).

Stage I without REM may be

seen as playing a monitoring role; Stages II-IV play rest fulfillment
roles.

Stage I-REM serves as an endogenous stimulant to the brain

within the sleep process to offset the reduced brain stimulation in
deeper sleep (Webb, 1968).

Stage III sleep is a transitory step toward

Stage IV sleep, which is correlated with bodily rest, and a hypothesized
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decoupling of the cortex from the lower, more primitive brain stem
(Burch, 1965; Lester, 1967).

The source of the high voltage, low

frequency synchrony of deep sleep is still not definitely known, but
the arousal mechanism is definitely in the reticular formation.

The

pons portion of the reticular activating formation, which is prominent
in waking arousal, is also important in REM sleep - one of the many
features of REM sleep, or "paradoxical sleep", tying it more closely
to the waking state than to sleep (Current Research on Sleep and
Dreams) •

Dreams have long been seen as a nocturnal "balancing" of

the day’s awake psychological profile - resolving stresses and
psychological needs.

The alpha rhythm characteristic of the resting,

eyes-closed, awake state is thought to originate in the thalamus which also is the "relay switching" center for directing signals
from the spinal cord and lower brain stem onto the cortex for upper
level processing.
These stages of sleep have been determined by visual observation
of certain characteristics of the sleep EEG, as described below.

For

examples of these stages, see Figure A.
The Awake state as seen in sleep runs - eyes closed, relaxed
drowsiness - is characterized by a predominant, nearly sinusoidal
"alpha" rhythm (8-12 Hz). Problem-solving, for example, would disrupt
this pattern causing less organized, fast activity (the Beta state).
As the subject begins to fall asleep, this synchronous (between chan¬
nels) well-organized alpha diminishes, accompanied by a deterioration
of time perception.
Stage I sleep is characterized by a low-voltage, fast activity
which is quite uneven and desynchronized.

When in this transient

stage the subject feels light, as if floating, with fewer images
drifting through his mind.

If awakened, he would report that he was

not really asleep yet.
Stage II sleep is characterized by the occasional presence of
smoothly enveloped sinusoidal bursts of about 12-14 Hz activity called spindles - on a background of slightly larger and slower activ
ity, accompanied by some synchronized spikes, called K-complexes.
Respiration, metabolism, heart rate, and muscle tension all fall
progressively.

This intermediate sleep stage is where a considerable

portion of the night is spent, if not in deep Stage IV sleep or
light Stage I-REM.

The brain at this level of sleep appears to be

only partially aware of its surroundings.

If awakened at this level,

mild imagery or drifting would again be reported.
Stage III is characterized by occasional large slow waves of up
to 300 uV. occurring several times per second - well-organized alpha
is usually about 60uV. in amplitude.

This delta activity (0-4 Hz) is

interspersed with activity similar to Stage II, but slightly slower.
Muscles are quite relaxed, breathing slow and even, and temperature,
heart rate, and blood pressure continue to fall.

It would be harder

to awaken the sleeper at this stage and background noises are not per
ceived, as the sleeper demerges into deeper sleep.
Stage IV is the deepest stage of sleep.

The brainwaves are con¬

sistently large, synchronous delta waves (Stages III and IV are
sometimes lumped as SWS - slow-wave synchronous - sleep) .

All the

physiological signs are at their minimum, and the sleeper is most
oblivious to the outside world.

The brain seems to be receiving all

of the normal sensory input, but not integrating or perceiving it
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normally.

It is quite difficult to awaken the sleeper at this stage -

he would regain consciousness quite slowly and hazily.

However, it

is at this stage that the somnambulist will look people straight in
the eye and walk around familiar territory, albeit dangerously
clumsy and unperceptive, and have no conscious memory of it later.
Much of the night's early sleep is spent at this relaxed stage, and
if deprived of this stage the sleeper will tend to compensate the next
few nights with prolonged Stage IV periods.
REM (rapid eye movement) sleep, which is associated with dream¬
ing, is sometimes called paradoxical sleep.

Although the REM stage

currently is discriminated from other Stage I activity primarily by
the presence of the rapid eye movements, the sleeper is even harder
to awaken than during Stage IV.

All of the physiological signs are

quite active and fluctuating, and the EEG response to external sounds
is most like that in the awake state.

The dream imagery and psycholog¬

ical content also are compatible with the awake state - it is interest¬
ing to note that stage REM frequently is approached by demerging from
the awake state rather than by emerging from deeper sleep.

The con¬

jugate eye movements are detected by electrodes on each side of the
eyes, each referenced to an electrode above the bridge of the nose.
The cornea-retina resting potential can be modeled by a dipole from
cornea to retina; hence matching eye movements as if tracking an
object of attention cause large, matching electrical signals of op¬
posite polarity in the EOG (electro-occulogram) - identifying the REM
stage.

Most of the late night's sleep is spent in this stage, and

REM sleep deprivation will also be compensated for in subsequent nights,
as with Stage IV sleep.

Insufficient REM sleep has been correlated
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strongly with irritablity, tension, and psychological strain (Current
Research on Sleep and Dreams).
The cyclical nature of sleep is of great interest to research¬
ers studying biological clocks and circadian rhythms.

In an average

night of sleep, one will descend evenly through Stages I-IV in about
45 minutes, and spend about 30-60 minutes in Stage IV.

The brain

automatically arouses itself about every 90 minutes - forming a cycle
similar to that of a relaxation oscillator.

Subsequent cycles will

contain less Stage IV, and later will descend only to Stage III or II.
After the first or second cycle, the brain will settle into REM
sleep after arousal, followed by another arousal and subsequent deep¬
ening of sleep.

Toward the end of the night, the REM periods will be

more frequent and alternating with periods of light Stage II sleep.
REM periods include frequent arousals and hence much movement and
muscle artifact.

This roughly 90-minute cycle is a subcycle within

the 24-hour circadian body temperature cycle, which also reaches its
minimum during the early deep sleep stages.
2.

Staging criteria

Sleep stages were first discriminated by Loomis et al.(1937).
The sleep stage criteria used today were formalized first by Dement
and Kleitman (1957).

These are summarized below:

Stage I

- No spindles - low voltage, fast activity
any activity between the awake state and Stage II
spindles

Stage II

- Spindle activity, K-complexes (look like the small
script letter "k"), not delta waves
low voltage background

Stage III - High voltage (at least 100 uV), slow waves (1-2 Hz)
for less than 50% of epoch
some spindles allowed - an intermediate stage
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Stage IV - At least 50% of epoch consists of 1-2 Hz waves at
75 uV pk-pk
no spindles allowed
REM - Presence of Rapid Eye Movements - EEG roughly similar to
Stage I except without vertex sharp waves
sawtooth waves occasionally in frontal regions
somewhat more alpha than in Stage I
frequency is several Hertz slower than when awake
low amplitude EMG
The Rechtschaffen and Kales criteria differ very little from
those of Dement and Kleitman, but are much more thoroughly defined
and exemplified, comprising a whole reference volume, and actual
wave-by-wave measurements are frequently required.

The differences

in amplitude criteria for Stages III and IV are not critical since
the characteristic delta activity sought is always of very large mag¬
nitude and quite obvious.

Hence, when this method is studied and

learned through great amounts of practice and experience, the criteria
employed actually are not the measurements defined by Rechtschaffen
and Kales or the model of Dement and Kleitman, but the result of an
accumulated mental model.

Care should be taken when interpreting an

article's statement that epochs were classified according to the
criteria of Rechtschaffen and Kales, because in practice the classifier
seldom actually measures the amplitude of every wave in each epoch
in accordance with the measurement criteria of Rechtschaffen and Kales;
rather, the criteria actually employed usually are the result of a
mental model based on the definitions of Dement, Kleitman, Rechtschaffen,
and Kales, and developed personally through much study and experience.
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III.

PERIOD ANALYSIS
A.

Period Analysis as a Data Reduction Technique
1.

Theoretical origination

The purpose of data reduction is to extract the aspects of a
data base that are most relevant to the parameters of interest to the
researcher, in a process similar to the reduction of a signal space
to its first few optimal orthogonal basis vectors (that is, optimal
with respect to the researcher's criterion).

Occasionally in data

analysis one may find it useful to merely transform the information
of a data base so that all of the information is retained but trans¬
formed to a different aspect or point of view so that particular
features are more apparent.

However, once a research goal is estab¬

lished, the data available usually are transformed and condensed to
reduce redundance, irrelevance, and other unwanted "noise" in the data.
Hence only the information of high utility for that research goal is
retained under an optimality criterion specific for that goal.

This

criterion may consist of such factors as cost of analysis, time re¬
quired for analysis, utility of analyzed results, flexibility or
specificity of said data or analysis paradigm, and cost and time for
design and implementation of analysis techniques.

Hence it may be

unnecessarily cumbersome and expensive to constrain one's analysis
paradigm to reversible transformations that retain all the original
data, when the data base is such that it is possible to vastly consense
the data with very little loss of useful information.
Fourier analysis, when applicable, is an example of a reversible
data transformation in which all of the original time domain information
is retained in the amplitude and phase functions of frequency.

However,
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since all of the original information is retained, it is cumbersome
and costly to analyze extremely large EEG data bases with Fourier
analysis, and effects of the sampling interval period and the use of
window functions also must be dealt with.

Also, although the frequency

domain has become a fluent and lucrative way to look at many signals
and systems, "sinusoidal frequency components" may not be the best
aspect of a data base to look at for every research goal.

With this

problem in mind, Period Analysis was developed as an analysis paradigm
in which a small number of data values can represent a large amount
of data of the type found in EEG's, in a manner which still retains
most of the information desired for many types of EEG studies.
Period Analysis is a time domain analysis procedure, but it is
unlike most other time domain approaches, which sample a signal at
some rate higher than the Nyquist rate (twice the highest frequency
component of the signal) that is sufficient for complete recreation
of that signal.

Period Analysis looks at only the more important time

points of the signal - its zero crossings, minima and maxima (local
extrema), and points of inflection, or, zero crossings of the signal
and its first and second derivatives respectively.

The numbers of the

positive-going zero-crossings which occur each second are called the
Major, Intermediate, and Minor period counts respectively, so that a
10 Hz sinusoid would produce a count of 10-10-10 for the Major, Inter¬
mediate, and Minor counts respectively.
Figure B shows a typical EEG waveform with the zero-crossings,
local extrema, and points of inflection indicated.

These give a simple

example of what Period Analysis does in the time domain.

A simple,

intuitive grasp of Period Analysis also can be gained by looking at a
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frequency domain example.

The amplitude frequency response of an

ideal differentiator has a slope of +20 db/decade - that is, the
response at each frequency component is proportional to the frequency
of that component.

Thus, after each differentiator in the Period

Analysis encoder, the higher frequencies are emphasized and the slower
waves are de-emphasized.

This effect is also shown in Figure B in

the first and second derivative waveforms

plotted.

Since the EEG

basically consists of low-voltage high frequency components superim¬
posed on higher-voltage low frequency components, the major period
count is basically an indicator of the lower frequency components, the
minor count an indicator of the higher frequency superimposed components
and the intermediate count an indication of the relative mixture of
these.
2.

Mathematical derivation of Period Analysis relationships

Now that an intuitive understanding of Period Analysis has been
established, a more rigorous mathematical substantiation of Period
Analysis may be developed.

Hjorth (1970) measured the power in the

EEG, its first derivative, and second derivative (by squaring and inte¬
grating) to determine the zeroeth, second, and fourth moments of the
power spectrum, respectively.

Saltzberg and Burch (1968) had demonstrat

ed that these moments of the power spectrum could be determined more
conveniently from the average period analytic counts (zero-crossings
of the signal and its first and second derivatives).
are as follows:

The relationships
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where P(w) is the normalized power spectral density function,
<Kx) the autocorrelation function, and
N^, N2,
are the average number of zero-crossings per second
of the signal, its first derivative, and its second derivative
respectively (or twice the Major, Intermediate, and Minor counts
respectively); where the EEG zero mean signal S(t) is assumed
to be from a Gaussian process with an amplitude probability
density of
exp[ -(S/o)2]
2
where o is the R.M.S. deviation of S(t) from zero, or
Pr[S] =/(2ir) ^ a ^

o2 = /^P(w) dw * «KO)

(Saltzberg, 1968, 1971).

These relationships now will be derived in more detail.

The

following relationship between the power spectral density and the
autocorrelation function does not require that the underlying process
be Gaussian (Rice, 1954).
F [<Kx)] - P(w)
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By substitution of variables, replace x by (t+x), for some value of t
replace dx by d(t+x) = dx
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P(w) =/œ s(t) e”^wt dt/* s(t+T)

S“ s(t)

“00

“00

-£

C

s(t+t)

e-Jwt

+ w t+T
e

3 (

+Jw(t+l)
e

) dT
dt dt

sCt) -(tt-t) e+jWT dt dT

=/” [/” s(t) 8(t+T) dt ] e+^WT dx
=/” 4»(T)

e+^wT dx

00

“-00 H"1)

COS

WT

*^T

since e+^wT = cos wx + j sin wx
and both <Kx) and P(w) are even functions
P(w) - F [4>(T)]
<t>(x) = F_1 [P(w)]
<Kx) P(w) COS WT dT.
Similar properties of the derivatives of the autocorrelation function
can be derived as follows:
CO

<Kx) */o P(w) cos wx dw
Differentiating with respect to time x,
d 4>Cx) =/Q P(W) (-w sin wx) dw
dt
2
,°o
2
d 4>(x) =/o P(w) (-w cos wx) dw
dx5"

00

2

-d <Kx)
/o w
x=0
and similarly,
dS(T)
dx4

d

2

P(w) dw, since cos(O) = 1

■/o w

P(w) dw, and

■f 0

P(w) dw.

x=0

6
x=0

W
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Therefore, since the normalized power spectral density satisfies
all the required properties of a probability distribution, the nature
of the power spectral density can be specified by its moments: The
second, fourth, and sixth moments are determined by the prespective
derivatives (evaluated at T=0) of the autocorrelation function, or the
period analytic counts; the odd moments are equal to zero since the
power spectral density is an even function of "w", and the "zeroeth"
moment (an arbitrary amplitude scaling factor dependent upon the ampli¬
fier gains used) is irrelevant since the power spectral density is
normalized to unit area.

Thus the period analytic counts retain suf¬

ficient information to describe the first six moments of the spectral
EEG power density.
Although Period Analysis is not a reversible transformation of
the type which retains all of the original information, the vastly re¬
duced quantity of data values it does retain still contains sufficient
information for essentially recreating the original EEG waveform if
the advanced form of Period Analysis is used in which the time of each
zero-crossing is recorded.

This is a result of a special property of

the EEG - that its spectrum components at each frequency are inversely
proportional to that frequency, like the spectrum of integrated white
noise.

Equivalently, the time spacing of the Period Analysis data

points is inherently small with respect to the bandwidth constraints
of the EEG signal at any time.

A high degree of correlation has been

shown between the time period between zero-crossings of the signal or
its derivatives and the amplitude of the signal excursion within that
period, such that given the times of zero-crossings of the EEG signal
and its derivatives, a quite accurate copy of the original EEG waveform
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can be reconstructed.

Obviously, the Period Analysis method would

not be as valuable a technique for signals with unlimited bandwidth,
such that points adjacent in time are essentially unrelated; or for
signals such as the EKG with time domain characteristics which are not
reflected by a smooth "integrator" type of frequency spectrum.
The Period Analysis process used in this study records the number
of positive-going zero-crossings per second of the signal, its first
derivative, and its second derivative (the Major, Intermediate, and
Minor counts respectively) for eight leads simultaneously.

This method

is compatible with standard techniques used for clinical EEG analysis
at TRIMS, insuring maximum flexibility of data bases and analysis
techniques, with no special hardware costs for implementation.

Hence

sleep staging paradigms or further research could be implemented using
available equipment that may soon be standard in many EEG research
institutes, due to the great economy and versatility of Period Analysis
for a wide variety of types of research.
The specialized analysis paradigm and software programs developed
in this study will be added to a growing library of research and analy¬
sis paradigms that have been developed around Period Analysis, and
which are all compatible with the same data gathering complement of
equipment.

Present uses of Period Analysis include analysis of responses

to photic stimulation at various frequencies, testing for asymmetrical
or anomalous EEGTs, testing responses to various drugs, testing for
effects and characteristics of aging, and normal screening of patients.
B.

Period Analysis Encoder - The Hardware System

All of these studies employing Period Analysis techniques use data
gathered via the same type of hardware Period Analyzer, of which there
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are several at TRIMS.

In these, the eight amplified and analog filter¬

ed EEG signals along with a time base signal are taken from the pen
chart recorder amplifiers and routed to the eight period analyzer
channels.

The analog filtering merely consists of variable high fre¬

quency rolloff filters set at 40 Hz combined with 60 Hz notch filters,
and the variable low frequency time constants - 0.3-0.5 Hz - of the EEG
amplifiers.

Each channel of the Period Analyzer encoder has two analog

differentiators in series, with high frequency rolloffs just above 40 Hz.
The signal and its two derivatives are each fed into zero-crossing
counters which amplify the signal immensely forming a trio of clipped
square-wave trains, like a comparator or the limiter of a FM receiver.
Digital circuitry in the counters then counts the number of positive¬
going zero-crossings per second of each EEG signal and its first and
second derivatives.

These Major, Intermediate, and Minor counts are

available for display in real time on nixie tubes in the Period Analysis
encoder panels and are accumulated in digital storage buffers for se¬
quential recording of these values on digital magnetic tape.

This

digital tape is then catalogued and stored with the pen-chart analog
record for future reference.
The 10" digital tape on which the Period Analysis counts are
stored is directly compatible with the tape drive units of most comput¬
ers, and each is capable of storing about 26 hours of eight channel
Period Analyzed data - about 60 bits/second at 200 bits/inch on a 2400
foot tape.

This is obviously a great improvement over earlier analysis

techniques since it allows such a great capacity of EEG data to be
recorded compactly with minimal information loss.

It is this valuable

data reduction property of Period Analysis which has made possible de¬
tailed analysis of such long EEG records as this all night sleep study.
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The digital tape is then read by computer and the subsequent data file
is manipulated into the desired form by software programs.

The user

may then use standard programming techniques to analyze this data and
plot or print out the desired results.
Thus the Period Analysis hardware system has immediate real time
feedback of results, but also smoothly interfaces with standard
off-line analysis techniques.

We are currently developing microprocessor

circuits using the Motorola 6800 chip, for high resolution Period
Analysis encoding of the actual times of zero-crossings of the EEG
signal and its first and second derivatives.

In the future, the

microprocessor will also be used for real time digital filtering and
some real time analysis such as waveform, sleep stage, or multichannel
pattern-recognition.

Furthermore, a minicomputer system (PDP-11-55) now

is being set up that would allow more complex analysis, as is used in
this sleep study, to be implemented in an online manner.

These facil¬

ities are currently being developed, and will offer a great opportunity
for further development of Period Analysis related EEG analysis techniques
and their implementation and testing.
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IV.

COMPUTERIZED AUTOMATIC SLEEP STAGE CLASSIFICATION METHODS
A.

Introduc tion

The methods of visually classifying sleep EEG into sleep stages
were standardized by Dement and Kleitman (1957), and slightly modi¬
fied by Rechtschaffen and Kales (1968).

However, visual classifica¬

tion of stages was slow, imprecise, and inaccurate since human EEG
interpreters had to compare each extremely complex epoch to their
memory of a vague mental model of the characteristics of each sleep
stage.

Not only did this mental model of sleep stage characteristics

vary from interpreter to interpreter, but because it was implemented
by the mental judgement of the interpreter, it was inconsistent giving low inter-judge agreement in addition to low intra-judge agree¬
ment.
With the advent of the computer, many mental processing tasks
have been successfully implemented on computers taking advantage of
the computer’s abilities to do vast amounts of numerical analysis in
a very short time with very high accuracy and precision.

These

qualities have been especially applicable to step by step mathematical
analysis techniques, enabling researchers to use complex number
crunching techniques that would have been impractical to do by hand
calculations.

However, it has been somewhat difficult to develop

computer logic trees which model the complex, yet inexact mental pro¬
cessing of human decision-making.

Many computerized EEG analysis

methods have been tried, which look at spectral functions (e.g.,
Fourier analysis), integrated amplitude, rectified delta and theta
activity, or frequency to voltage ratio.

Various hybrid analog and

digital special purpose analyzers also have been designed, but the
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best results have been obtained using Period Analysis.

For those

already familiar with the area of sleep stage classification tech¬
niques, the results in the current literature are summarized at the
end of this chapter, and for those for whom this is a new area of
application, the development and degree of success of these various
techniques are discussed in detail below - so that it will be clear
how the sleep staging study presented in this thesis fits into the
context of current research.
B.

Spectral Analysis and Its Literature

Fourier or spectral analysis is one of the data analysis ap¬
proaches most frequently used by engineers.

It has been applied many

times in EEG analysis also, although it does not seem to be the most
informative data transformation for this particular application.
Knott et al. (1942) first applied Fourier analysis to sleep EEG
records, followed by Kaiser et al. (1964), Hord et al. (1965), and
Walter et al. (1967).

Johnson et al. (1969, 1969) applied linear

discriminant analysis to frequency decompositions and found that he
could not discriminate between sleep stages with Fourier analysis of
an EEG channel.
The first major paper on discriminant analysis of spectral data
was published by Lubin, Johnson, and Austin (1969).

They recorded

four monopolar channels (left and right of both occipital and parietal
- 01, 02, P3, P4, referenced to mastoid electrode) of all-night
sleep EEG on each of 13 male subjects.

Only the P3 left parietal sig¬

nal was Fourier analyzed (4 Hz bands) for the discriminant analysis.
The records were visually sleep stage classified and rechecked by at
least one other judge using the standard criteria of Dement and Kleitman

25
(1957).

From the whole nightTs data only three consecutive one-

minute epochs were selected from each sleep stage - those that three
judges unanimously agreed were completely without artifact and clearly
representative of that sleep stage.

The first minute of the single

selected trio from each stage was used for the discriminant analysis
’'learning11 set and the third minute of each trio was used for the
test set.

Thus, the learning and test sets were constrained: The

test set included sample epochs from every person and night that were
in the test set, and each test set epoch was taken only one minute
after a corresponding epoch in the learning set.

There is little

change in the EEG within a few minutes when the samples are chosen to
be in the middle of a clearly representative sample of one sleep
stage, so any scheme which learned from this type of learning set
should be adapted for optimal classification of that set and of course
the very similar test set, without any actual verification of validity
of discrimination for any other arbitrary sleep night epoch.

Of

course this scheme would be even weaker if it had to classify epochs
with even a little artifact - not to mention epochs with large arti¬
fact periods which frequently occur in all night sleep records.

These

two weaknesses in experimental paradigm - selected optimal epochs
and similar epochs in the learning and test sets - obviously will give
much higher hit rates than could ever be obtained in an unconstrained
sleep night record study.

These two data manipulations are frequently

used in the prevalent sleep staging literature today (Lubin, 1969),
but not used in the new research reported later in this paper.
The results, even with this constrained data base, were poor 60% agreement with human observers on the selected epochs on which
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all judges agreed (17% is chance) using six stages: Awake, REM,
and Stages I-IV, but no artifact detection as is needed on such studies.
There was no successful Stage III detection.

Results were not

improved by using different frequency band boundaries; only pairwise
discriminant analysis (discriminating between adjacent stages only)
improved the total hit rate to 70%, but here the chance agreement
would be 50% (Lubin, 1969).

As their conclusion, they stated:

Spectral analysis of the parietal EEG lead does not provide
enough information to differentiate among stages W, 1, 2, 3,
4, and REM. Adding more channels (i.e., occipital, frontal,
temporal), adding other spectral and cospectral measures
(coherence, band-width, etc.), or using other analysis tech¬
niques (e.g., Burch’s period analysis) may improve the situa¬
tion.
(Lubin, 1969, p. 131).
An improvement upon this type of spectral analysis was attempted by
Larsen and Walter (1970).

Using the same data base used by Lubin

and Johnson, quadratic discriminant function analysis was performed,
i.e., each of the variables was raised to its second, and first powers
before they entered the linear discriminant analysis package program.
Their average stage agreement was 65-79% on the test set and only
90% when the learning set was re-classified.

The highest individual

stage agreement was as follows (Larsen, 1970, p. 465):
W

1

REM

2

3

4

91% 64% 66% 85% 85% 85%
However, these percentages were not all night data, but were on
epochs selected by unanimous agreement of three judges to be completely
artifact-free and the most representative epoch of each sleep stage
from that night.

Agreement on such selected epochs should be nearer

100%, and should not be compared with hit rates when all night sleep
epochs are used.
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One other spectral analysis paper of interest was published by
Martin, Johnson, e£ al^(1972).

Although this analyzer could also be

called a hybrid, it is included here because of its principal reliance
upon spectral analysis.

On nine subjects, two monopolar EEG

channels (C3 and 01 referenced to mastoid electrode), two EOG channels
(horizontal eye movements), EMG (chin muscle), and FPR (finger pulse
response) were recorded for sleep stage classification.
central EEG signal was computer analyzed.

Only the C3

All of the above signals

were used by three judges to classify, by majority rule, the 30 second
epochs into stages I, II, III, IV, Awake, and REM - but again, there
was no artifact stage, and any epoch termed unscoreable by any of the
three judges or containing movement artifact was completely thrown out
of all analyses.
The recorded C3 EEG signal was later filtered with a 28 Hz filter
(most current systems go to 40-100 Hz), and sampled at 68.3 samples/sec.
Fourier analysis was performed on 30-second epochs and the percent of
delta activity over 75uV (definition of Stage III-IV criteria) was
measured by a peak triangulation scheme devised by the researchers to
give best agreement with human judges (better agreement than actual
0.1 - 4.0 Hz spectral content)!

An adaptive logic decision tree used

information from the delta detector to identify Stages III and IV, and
information learned previously (from discriminant analysis on four
subjects) for Stages II, I-REM, or Awake.

A different logic tree was

used for subjects with high or low waking alpha as determined by a
pre-sleep learning trial sample on each subject analyzed.

Later, pro¬

visions were added so that if Stage I-REM were selected, the EOG was
inspected for that epoch +/- 3 minutes and another logic tree made that
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discrimination with additional 13 epoch smoothing.

Frequent feedback

from the scorers gave many touchups and adjustments to the logic
programs and threshold

criteria, including some nonlinear variable

threshholds.
After all the parameters were tuned on the learning set of four
subjects, the system was tested on five subjects’ fourth recorded nights
of sleep, since artifact is reduced with acclimation to the surround¬
ings and peculairities of the recording process.

Two types of agree¬

ment percentages can be calculated - the average of each of the
stages' hit rates, and the overall average which is the same as the
individual stage average when weighted by group size.

The higher of

these is usually the one published, but when possible the other will
be calculated from their data.

The first gives equal weight to the

discrimination of each stage, while the latter reflects overall agree¬
ment - but in order to maximize the latter, some researchers may
maximize performance on groups with large N like Stage II at the
grave expense of performance on groups with small N like Stages III
and Awake.

The overall stage hit rate (compared with each judge

singly) was 80.8%; the average of the stage hit rates (computer com¬
pared with the majority consensus of three judges) was 65.3% (overall
total was 82.1%); the average judge-to-judge individual stage agree¬
ment was 75.8% (89.3% overall), which is actually quite good compared
to the more typical 70-80% found in many articles.

The individual

stage hit rates were as follows (Martin, 1972, p. 423):
A
inter 68%
judge

1
61%

REM
93%

2

3

4

Av. of Stages Overall

93%

60%

80%

75.8%

89.3%

88%

60%

92%

65.3%

82.1%

computer/consensus of
judges _3% 62%

87%
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The awake state was almost never detected and there was such poor
discrimination between Stages III and IV that the authors said that
these stages should not be discriminated; REM sleep could not be
discriminated from the EEG - separate EOG leads and analyzers were
required.

Again, there was no artifact stage discriminated and every

epoch termed unscoreable by any of the three judges or which contained
any motion artifact was completely thrown out.

Also, it is interest¬

ing to note that the staging of a single night's sleep required 3.5
hours of XDS 930 computer processing.

No estimate was given on the

computer time or operator time required for the learning programs.
C.

Interjacent Staging Methods

In the early search for successful sleep staging paradigms
several other methods were tried which are less well-known today.
Riehl (1961) investigated the frequency/voltage ratio, and Maulsby
and Frost (1968) considered rectified delta (0-4 Hz) and theta (4-8 Hz)
activity.
Integrated EEG amplitude was investigated by Agnew (1967).
In his latest paper (1973), he was still unable to adequately discrim¬
inate sleep stages.

His method was to look at the area of the absolute

value of the EEG each minute.

However he found that the distribu¬

tions of these data for each sleep stage were not all distinct - in
fact Stages Awake, I, and REM had identical distributions, and for
Stage II the distribution was only slightly shifted.

For Stages III

and IV the distributions were each further shifted.

All distributions

overlapped considerably compared to their variances, however, so that
little sleep stage discrimination was obtained using this data analysis
approach.

D.

Hybrid Special Purpose Analyzers
1.

Background

Hybrid special purpose analyzers use hardware analog and digital
circuitry including some seftware computer analysis.

This method

has substantial potential since it most directly attempts to imitate
the thought processes of the human scorer.

Period Analyzers are

actually a subset of hybrid analyzers, since the processing can be
done by analog preprocessors and/or digital circuitry, but Period
Analysis is a more general type of analysis approach and will be
considered separately.
Hybrid analyzers are quite specific since they are designed to
detect the exact features (presence of spindles or K-complexes,
presence of 0.1 - 4.0 Hz delta activity greater than 75uV. for at
least 50% of that epoch, etc.) by which the sleep stages are defined
according to the particular sleep stage definitions used in their
design.

Since these analyzers look directly for the same features

a human stager would look for, a potential for high agreement exists
to the extent that the hybrid feature extractors can be designed
to mimic the human thought processes exactly; but since the human
observer frequently uses vague, varying, inconsistent "judgement",
the precise machine may sometimes seem "too" perfect, or not as
adaptive and flexible as a human scorer.
Another result of the hybrid analyzer’s direct logic imitation
is that it is very specific for which sleep staging definitions are
used.

If sleep stage definitions were changed or if one of the other

sleep staging conventions were chosen, a completely new hybrid analyz
er usually would have to be designed - current definitions are based
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merely on features which are visible to the human eye and these
definitions may soon be augmented by current computerized analyses.
This characteristic puts this method as far from Period Analysis to
one extreme of specificity as reversible transform methods such as
Fourier analysis are to the other extreme of generality.
Hybrid analyzers differ from Period Analyzers in that in Period
Analysis only the most important information in the data base is
extracted, while in hybrid analyzers only the most specific (with
regard to the exact feature definition) information is retained.
To the other extreme, reversible transformations such as Fourier anal¬
ysis retain all the original information in a general form which may
not be specific enough to get exact discrimination of particular
qualities or features.

Furthermore, Period Analysis has this greater

flexibility with different stage definitions because rather than se¬
lecting specific data events it extracts evidences of underlying
state of consciousness changes.

Discriminant analysis can then be

applied to these standard state of consciousness descriptors to se¬
lect and appropriately weight those descriptors which best discriminate
the various different features such as sleep stages according to
whichever criteria is desired.

Further, these condensed data

descriptors have a better grasp of the information contained in the
EEG than is available to human inspection of the analog signal, so
that perhaps better sleep stage descriptors could be found in this data
basis via clustering analyses currently being initiated, than were
defined many years ago couched only in terms of the features that were
available to visual inspection at that time.

Hence using Period Analy¬

sis for sleep staging has research advantages not obtained by designing
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hybrid analyzers, since Period Analysis (like an ideal researcher or
medical examiner) investigates the underlying causes of changes in
state rather than just the surface symptoms or effects.

In the

following paragraphs, the leading hybrid sleep stage analyzers will
be discussed, followed by the leading Period Analysis systems - along
with their respective hit rates, merits, and weaknesses.
2.

Hybrid analyzers in the literature

One of the earlier hybrid analyzers of merit was designed by
Kripke et al. (1968).

Becker et al. (1970) used analog and matched

filters in a hybrid analyzer to get a hit rate of 59%; this is a good
hit rate though, because it is the only study before 1971 in which
six stages (including REM - but not artifact) were used, as well as
all of the night's epochs.

"The other studies have either not attempt¬

ed to classify rapid eye movement (REM) sleep as a separate stage or
have used only clearly defined, selected epochs of the various sleep
stages for comparison" (Martin, 1971, p. 417).

Hence the 59% hit rate

of this study is the only one discussed so far that can be compared
fairly with the results discussed later in this thesis, although
there still is no identification of artifact.
Another of the current hybrid analyzers was designed by Frost
(1970) as an "amplitude weighted, dominant frequency" analyzer.

It

is an analog and digital special purpose system for real-time on-line
analysis only, using stage definitions similar to those of Dement
and Kleitman (1957) for Stages I-IV and awake (REM from separate EOG,
no artifact stage).

The system must be adjusted each night for each

subject beforehand, while awake with eyes closed, which yields a
high rate but makes it impractical for clinical implementation.
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The filtered (0.7 - 13 Hz) EEG (F-0C bipolar lead) is analyzed
via three comparators and some logic circuitry.

A negative logic

pulse is produced if the EEG passes successively through window
filters with thresholds of 1% and 20% of maximum.

If it passes a

100% threshold (the maximum value that was preset for that subject
while still awake) then a positive logic pulse of lesser amplitude
is produced.

These pulses are integrated with a time constant of

15 seconds and then quantized by comparators to six discrete levels
to indicate sleep stages.

If REM is detected by the EOG system and

the subject is in Stage I, then Stage I-REM is indicated.

The var¬

ious thresholds were set initially by comparison with human scorers.
Results were fair although no percentages were given.

From a publish¬

ed figure they appeared to achieve about 60% accuracy, with about
80% of those errors being one stage off.

Prolonged movement artifact

disrupted stage identification and was not separable - distorting the
output verdicts.
Another current hybrid analyzer of importance was designed by
Smith and Karacan (1971).

It uses logic circuitry after analog

filters and nonlinear circuits designed for specific detection of
alpha, spindles, delta, and artifact.

Three bipolar leads were re¬

corded - Frontal, Parieto-temporal, and Occipital (Fj-Fy,Pj-T^, and
O3-O2PZ» from the standard "10-20" international system, except for
the OgPg LEAD) .

Of three nights of sleep recorded on each of 15

subjects, the first night of each was disregarded as being an adapta¬
tion period and only one of the other two nights was selected.

Five

scorers staged the records in one minute epochs and each was doublechecked one month later.

Thresholds in the alpha and spindle detectors
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had to be adjusted for each subject on each night from the first two
hours of data.

Also, Stages I and II were smoothed by comparison with

the future and past two minutes.
Results of the system showed a total overall agreement of 83.58%
(20% was chance), and an average hit rate (the average of the diagnonal
entries of the hit matrix, as is frequently given in some papers) of
77.8%.

It was also rewarding that the authors were one of the few

which published the complete hit rate matrix, as shown below.

(Smith,

1971, p. 234).
VISUAL CLASSIFICATION-*-

AWAKE

i

II

III

IV

N

COMPUTER*
AWAKE

79%

ii

8

2

.2

568

1

2

84

12

2

.1

1814

II

1

2

87

9

1

3088

0

15

48.5

36

446

8.5

91

963

.5

III

0

IV

.1

.4

6879 Total
However, this system has :some weaknesses;.

There was no consistent

relationship found in the thresholds between subjects - the alpha
threshold varied by as much as 300%.

"These thresholds were set by a

preliminary scanning of the first two hours of the recorded data ('seed¬
ing').

This 'artful' technique in its present form will be clearly

unsatisfactory for a completely automated sleep staging system" (Smith,
1971, p.234).

The analysis required a PDP-8 for the initial seeding;

the analysis then proceeded either on-line or 32 times real time from
the eight hour recording.

(The system discussed later in this thesis

requires only seconds to classify eight hours of one-minute epochs greater than 1000 times real time from a short digital tape (720 feet)
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rather than a long analog tape - the learning program itself required
less than one minute per night on a CDC CYBER-172).

When their re¬

sults were rerun three times consecutively at the same date, the results
were consistent on 98.7% of the epochs.
was only 95.2%.

(The system discussed later has 100% precision when

rerun on the same data tape.)
91.8%.

When rerun later, agreement

Intra-scorer reliability was high -

No artifact group was designated and yet it was not clearly

explained how epochs with artifact were handled - in the technical
explanation it was mentioned that if artifact detectors were trigger¬
ed, the other detectors were inhibited, so perhaps epochs with artifact
were discarded from the analysis.

Also, if eight hours were recorded

each night as implied, about 5% of the epochs are missing from the
final error analysis.

In addition, no reason was given for deciding

which of the last two nights to include in the error analysis - perhaps
the night with the highest hit rate or simplest sleep profile was
chosen.

In conclusion, this system has a high hit rate, but only be¬

cause it requires a two-hour adjustment period from each subject for
each night analyzed - making it unsuitable for a working universal
sleep analyzer.

Other problems include a lack of an artifact stage,

and a high variance between different analyses of the same data.
3.

Period analyzers

The Period Analysis methods developed by Dr. Neil R. Burch have
been adopted by several researchers to attempt better sleep stage
identification.

Substantial research in this area also has been done

by Itil, Fink, and Kassebaum (1969) .

For their studies they recorded

up to six consecutive nights of sleep from each of 10 subjects.

A

single bipolar EEG channel was recorded F^ to O2), along with vertical
and horizontal EOG, respiration, heart rate, and EMG.

Data were
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analyzed by four methods using an IBM 1710 digital computer and an
analog frequency analyzer.

Only the Major and Intermediate period

counts were used - their analyzers were not sophisticated enough yet
to derive a clean Minor period count (baseline crossings of the second
derivative).

These two period counts were divided into percent activ¬

ity in each of seven "frequency” bands.

Other variables calculated

were the mean and standard deviation of each of the Major and Inter¬
mediate counts, as well as the average amplitude and its deviation.
The analog EEG was visually classified using one minute epochs accord¬
ing to Loomis et al. into nine stages (Awake, I-IV; with four transi¬
tion stages) .
In their first staging method, several of these variables were
assigned to one of five levels labeled A through E.

Different combina¬

tions of these scores were found to identify different sleep stages.
Results were shaky at best; only SWS (slow wave, synchronous [Stages
III and IV]) sleep and LVF (low voltage fast activity [Stages Awake,
REM, I and II]) could be discriminated clearly (Itil, 1969).
In their second paradigm, all data were normalized with respect
to the mean and deviation of each parameter in the waking state.
During sleep the sum of the variances of the variables (with respect
to the waking state) was plotted to form a graph similar to the visually
analyzed sleep profile in form, but without stage-by-stage validity.
In their third technique, the amplitude measure was used in a
technique similar to the early amplitude integration techniques.

The

temporal profile was again similar in form to the visual sleep profile,
but hit rates varied from 18-52% (39% average) for five stages, and
6-56% (21% average) for nine stages.
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Their most successful staging method was an online technique in
which the learning set consisted of 25-100 epochs per stage from the
first night of one subject.

Epochs from the subsequent nights from the

same subject, were classified by comparing the values of seven selected
variables to the mean values of those variables on the first night.
The sleep stage mean which was closest in the seven-dimensional space
to the epoch of interest was used to identify that epoch's sleep stage.
Hit rates ranged from 17% to 77% (45.1% average) for nine stages.

How¬

ever, there was no REM detection (Stage I-REM errors are the biggest
component of current detection errors), and there was no artifact de¬
tection.

Also, the test nights were merely consecutive nights from

the same subject, which would be maximally similar to the learning set later nights would have made a better test of the staging system (Itil,
1969).
An excellent research method has been used more recently and local¬
ly by Roessler, Collins, and Ostman (1970) at Baylor College of Medicine,
in which with Period Analysis they report the highest hit rate of any
automatic classification scheme previously reported.

Using a Period

Analysis system similar to that used at TRIMS, the Major, Intermediate,
and Minor counts were recorded each second and these were grouped into
20-second epochs.

No further functions of these variables were formu¬

lated, only the 20-second means were used.

A single bipolar EEG

channel (Pz-Cz) was recorded and analyzed; on this channel, the Major
period counts appeared to best discriminate sleep stages, so the other
two counts were not investigated further.

Sleep records were independent¬

ly staged according to the criteria of Rechtschaffen and Kales (1968)
by two judges - disagreements were settled by a third judge.

Three
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nights of sleep were recorded from each of 39 male subjects and this
pool of epochs was randomly divided into a learning and a testing
group, with no significant difference between their variable values.
The five stages discriminated were Stages I-IV and Awake; there
was no artifact or REM identification.

The learning set consisted of

300 epochs of Stage II and 100 epochs of each other stage, roughly fol¬
lowing the distribution of these stages in a night's sleep.

The per¬

centage of Major period activity in each of several bands was investigat¬
ed.

Three bands were finally chosen for their sleep stage discriminating

ability - 0-3, 4-7, and 8-30 counts per second.

Specific percentages

of activity in these bands were chosen as boundaries between stages,
based upon experience with the learning set.
When this system was applied to the testing set of epochs, hit
rates of from 45-87% were obtained with an overall agreement of 69%.
Their intra-judge reliability was 76%.

It is interesting to look at

the individual hit rates - this was one of the few studies reviewed
which gave a thorough hit rate and error analysis table (Roessler, 1970,
p. 360).
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This system was quite accurate - especially when it is recalled
that all of the nightfs epochs were used in the study (none were removed
as a result of their containing some artifact or being borderline
stages), and that each of the test set epochs was not merely the one
minute successor of a corresponding learning set epoch.

Although a few

other studies published higher hit rates, they should not be compared
with studies such as this one which did not constrain their data bases
to easily classifiable epochs.

The hit rate table above is printed in

the same form used for the results of the current thesis so that they
may be more easily compared.

One will note however, that the research

reported later in this thesis has subdivided Stage I into REM and
NONREM Stage I, and added an artifact detection system - by more fully
utilizing the information contained in the Period Analytic data.
One more article from the current literature should be included
at this point (although it does not deal directly with sleep stage
identification) because it is the most recent important article publish¬
ed on automatic EEG analysis.

A. S. Gevins (October, 1975) describes

in the Proceedings of the IEEE a system he describes as a real-time
interactive EEG analyzer and display system for aiding visual analysis.
The system uses a PDP 15 - PDP 11 dual processor computer to calculate
and display FFT power and coherence functions, detect time domain
sharp transients, and interact with the operator for adjustment of
operating parameters, as well as to operate artifact rejection algorithms
and various output graphics routines.

The system does not make final

diagnosis decisions, but serves as an advanced calculator and interface
so that the results of the latest technology in signal analysis
methods can be made available to the electroencephalographer to aid
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in his visual analysis of the EEG.
E.

Summary

In this section, the development of automatic sleep stage class¬
ification techniques has been reviewed, and specific representative
examples from the literature have been cited in order to show how the
current sleep stage study fits into the context of previous and current
research*

The advantages and disadvantages of each method have been

discussed along with an evaluation of their hit rates and experimental
weaknesses.
To summarize, spectral analysis, a popular technique among linear
system analysts, has been found to require unnecessarily vast amounts
of computer time for EEG analysis.

Eight hours at 100 samples per

second implies at least 480 FFTfs of length 6000 for each of 1-8 chan¬
nels, the considerations of window functions, and storage of several
arrays of length 3,000,000 for each channel; and yet the spectral
transformations do not appear to be the most informative data trans¬
formations when one is looking for discrimination of sleep stages*
Other methods such as integrated amplitude, delta, or theta activity,
or frequency-to-voltage ratio have met with very little success*
Hybrid special purpose computer systems have tried to imitate the
specific mental processes used when a record is visually classified by
utilizing alpha, theta, delta, or other Weiner filters followed by non¬
linear detection and decision-tree circuitry*

These staging systems

are designed to look specifically for the same features that are used
in sleep stage definitions accepted by that particular research group.
Results are better than those from previous methods, but are not as
good as would be desirable, possibly because each hybrid analyzer is
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individually designed to implement only the criteria of one set of
sleep stage criteria- which were defined in terms of events visible
to and recognizable by the naked eye.

This constraint severely limits

the effectiveness of a hybrid sleep stage classifier since the finite
machine cannot completely mimic the extremely complex, variant, and
adaptive mental processor.

When the visual interpreter looks for

fundamental delta activity for greater than 50% of an epoch, he does
not actually perform a true Fourier analysis to yield a coefficient
of .50 for an integrated spectrum from 0-4.0 Hz.

The mental concept

of "fundamental 0-4 Hz activity" is quite difficult to interpret
mathematically and is not necessarily the desired sleep stage criterion.
Furthermore, the true boundaries between sleep stages may not be
completely described in terms of visually recognizable events which
were apparent to the unaided human 10-30 years ago.
be approached better by looking for underlying trends

The problem might
in the state of

the EEG which correlate with current sleep stage classifications
(rather like looking for the cause of a problem rather than just treat¬
ing its symptoms).

This approach is more illuminating for further.

deeper research of the causes of these stages of sleep, rather than
serving as only a terminal machine implementation project.
The method chosen in this research for studying these underlying
trends in the EEG is Period Analysis.

Period Analysis has been used

somewhat in its simplest forms for sleep stage analyses, but it has
not been exploited fully using all three counts and several new variables
which are derived from these counts.

In the following chapters the

development of a sleep stage classification system will be discussed,
which exploits the features of Period Analysis to classify not only
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the four sleep stages and the awake state, but also to differentiate
between Stage I-REM and NONREM Stage I - without the use of the EOG
leads, and to differentiate an artifact stage.
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V.

PROCEDURE
A.

Data Collection

The data for this research was recorded and analyzed at TRIMS
(Texas Research Institute of Mental Sciences).

The method used for

recording the EEG was as discussed earlier in the EEG section (II.A.2.).
In addition to the EEG, the EOG (electro-occulogram) was recorded by
placing electrodes on each side of the eyes, referenced to a center
electrode just above the nose.

Conjugate eye movements were indicated

on the analog paper chart only, by large, slow, matching signal ex¬
cursions of opposite polarity.

Instrumentation problems were later

solved which will allow the recording of GSR’s (galvanic skin responses)
on future sleep studies.
The sleep night recording procedure was as follows.

The subject

used was the researcher himself - to insure that he would be available in
the future for possible further research developments, and to insure
maximum reliability in the absence of drug effects such as from coffee,
beer, coke, and the other more obvious drugs.

The subject, electro-

encephalographer, and several observers arrived at TRIMS at about
9:30 P.M. the nights of November 25, 1975, December 9, 1975, and Jan¬
uary 8, 1976.

The electrodes were placed according to the international

10-20 system in an eight lead monopolar montage as described earlier,
by the electroencephalographer - Ron Dossett or Margaret Kallsen.

The

subject then retired at about 11 P.M. in a quiet, electrically shielded
room, within an outer observation room where the subject and the pen
chart recorder were monitored for at least eight hours after sleep onset.
Unlike the subject, the much appreciated EEG technician monitors and
their helpers were allowed copious amounts of coffee to aid in their
monotonous all-night vigil.

The paper analog record was later sleep
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stage classified by Ron Dossett, who has had much experience with the
sleep staging criteria of Dement and Kleitman, as discussed earlier
in the sleep staging section (II.B.2.)*

A one-minute epoch length was

chosen to maximize resolution and stationarity within that epoch,
while minimizing cost and stage identification errors - some stage
criteria events like Stage II spindles may occur only a few times each
minute.

These reasons are substantiated in the literature.

The sleep

stage classified epochs were studied by the researcher as basic
training in sleep staging, and during the thorough error analysis con¬
ducted later to study all the epochs missed by the computer classifi¬
cation.

The all-night sleep record was also on-line Period Analyzed

and the resultant data was recorded on digital computer tape for
further analysis, as described in the earlier Period Analysis section
(III.A., B.).
B. Data Analysis
1.

Discriminant analysis

The digital tape on which the period analytic counts were stored
was read by a computer program which also calculated and printed a sum¬
mary file listing the following variables for each channel, calculated
from the second by second Period Analytic counts : the one minute means
and standard deviations of each of the Major, Intermediate, and Minor
periods - X(l-3), S(l-3),; the intra-channel mean squared differences
between the Major-Intermediate and Intermediate-Minor periods - MSD(l-2);
and the inter-channel mean squared differences - INTER(l-4, 1-3).

The

only INTER variables used for analysis were those comparing the same
type Period Analytic counts (3) of the left and right leads from the
same brain areas (4), such as between the left Central Intermediate
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Period and the right Central Intermediate Period.
These variables were derived for the following reasons.

The one

minute means are proportional to the one minute total Period Analytic
counts, and are basically indicative of the state of the EEG in that
minute.

Although only the one minute Period Analytic means were used

in most such studies reported in the literature, the other variables
were formulated additionally because of their hypothesized ability to
provide further discrimination information about the state of the EEG.
The merit of these hypothesized variables was substantiated during the
development of this paradigm by their selection by stepwise discriminant
analysis programs.

The one minute standard deviations indicate the

variability or stationarity of the EEG during that minute, and were
hoped to be good indications of sudden changes in the state of the EEG
as found during artifact periods.

The intra-channel MSD compares the

Intermediate to the Major and Minor Period counts, indicating the synchro¬
ny or complexity of the EEG; this variable later proved to be a valuable
indicator of state.

The inter-channel mean squared distance as used

here is an indicator of spatial symmetry of the EEG, comparing comparable
counts on the left and right sides of the head.

These derived variables

are summarized as follows - although more efficient calculation formu¬
las were used for their actual computation:
60
1 = 1,24 (8 leads; Major, Intermediate
Minor)
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A special graphics program had to be written to enable all-night plotting
of these variously formatted variables.

Representative plots of each

of these variables are shown in Figure C.
The 76 statistical variables calculated above were next properly
formatted and prepared for entry into stepwise linear discriminant
analysis, to determine which of these variables contain the most stagediscriminating information and to learn how to weight these variables
to best discriminate those stages.

Although the discriminant functions

used were linear, the discriminant analysis variables included functions
of first and second powers of the original data, so that the analysis
had the power of quadratic discriminant analysis.

Higher orders of

analysis were not needed.
A system of data manipulation programs was written making the
data compatible with the SPSS (Statistical Package for the Social Sciences)
discriminant analysis program (Nie, 1970).

These programs were run

by batch from a terminal, using procs - small job control card files on a CDC Cyber 7316 computer.

Many different programs were run to de¬

termine how many stages could be discriminated, how much artifact could
be allowed without confusing the classification, how much artifact was
required for a primary classification of Artifact to be necessary, how
many variables were needed for sufficient discrimination versus cost,
how many classification functions were significant, and other parameters.
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In the final system, seven groups were identified: Stages I-IV,
REM, Awake, and Artifact.

The best 40 of the 76 variables were chosen

in a stepwise manner, with all six classification functions being
significant.

The following description can be complemented by referring

to the typical printout in Figure D.
In the first phase of analysis a group membership histogram is
compiled for the learning set, which also could be used to determine
prior probabilities, although for reasons discussed later equal prior
probabilities of one-seventh are used.

Also, the means and standard

deviations of each variable in each group are computed, and the Wilk's
lambda (U-statistic) and uniyariate F-ratio are computed for each
variable.

This F-ratio is used in the one-way analysis of variance

test for equality of the groups according to each variable - small lambda
and large F-ratio imply that the group centroids are well separated by
that variable.

The within-groups covariance and correlation matrices

are also calculated and printed.
At each step of the stepwise discriminant analysis, the F-ratio is
compiled for the inclusion of each remaining variable and the deletion
of each already included variable, given the information of the variables
already included before that step - and the variable with the highest
F-ratio is appropriately included or excluded.

This process is limited

by an inclusion level of F=0.01, deletion F of 0.005, and a maximum
number of included variables eventually set at 40.

This selection of

the maximum F-ratio also minimizes Wilk's lambda, a measure of group
discrimination taking into account both the separation of the centroids
and the homogeneity of the groups with respect to the total population.
Basically, the F-ratio is the ratio of the variance in the total popu¬
lation divided by the variance within each group, with two measures
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of degrees of freedom based on. the number of independent factors in¬
volved and the sample size.

The F-test also is applied pairwise to

the seven groups, testing whether the groups were from the same popula¬
tion - showing how similar or dissimilar the groups are.

At each step

of the variable selection the following data is given: the variable
entered or removed, its F for entrance or removal, the Wilk's lambda
after that step and its significance, Rao’s V - a generalized measure
of distance between groups, and the increase in Rao's V at that step
and its significance.
Next in the analysis phase, the discriminant functions are determined;
coefficients are found for making linear combinations of the variables,
which will maximize the distance between the values of this discriminant
function for members of the different groups.

In a two dimensional

example, larger positive coefficients could be given to variables more
closely correlated to group 1 membership, and negative coefficients for
variables indicating group 2 membership; positive values of the single
discriminant function would indicate group 1 membership, and there would
be a miximal difference between the function values for group 1 members
versus group 2 members.
After the discriminant functions are selected, the classification
coefficients are computed from the pooled within-groups covariance
matrix and centroids, and printed.

Each group is given a 40 element

vector of coefficients, which when multiplied by the 40 element data
vector for that case and added to a constant will indicate the relative
probability that that case belongs to that group.

The group with the

largest vector product probability is identified as the primary classi¬
fication of that stage, and the second highest as the secondary.
The six discriminant functions for the seven groups are also
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evaluated for significance, to determine whether all of them are needed.
For each function, the following are computed: its eigenvalue,
canonical correlation, percent of trace accounted for by that function,
Wilk's lambda, and the chi-square test for significance of that function.
The standardized and unstandardized discriminant function coefficients
are also printed as well as the group centroids in the discriminant
function space.
In the classification stage of the discriminant analysis, all of
the sleep epochs are classified using the previously determined class¬
ification functions.

First, the

members of each group of the learning

set are reclassified as if their group membership were unknown, and
these classifications are graded and summarized in a hit rate table,
for the learning set only.
plotted for

The discriminant function values also are

members of each group using the first two of the six dis¬

criminant functions for the two dimensions of the graph.

Also, an

overall territory map is plotted which overlays the above seven graphs
with the first two dimensions of the decision surfaces.

Then all other

epochs entered into the analysis - those without an indicated group
membership - are classified.
For each epoch the following information is printed: the epoch or
case number; its actual group membership, if given in that data file;
the primary stage classification along with the squared distance of
that epochfs discriminant function value from the centroid for that
group, the probability of that discriminant function value - given member¬
ship in that group (P(X/G)), and the probability of membership in that
group when given that discriminant function value (P(G/X)); the
secondary stage classification along with the probability of membership
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in that group when given that discriminant function value (P(G/X));
and the values of the six discriminant functions for that epoch.

Since

the SPSS output printout could not be resubmitted to further computer
analysis, the entire test set had to be graded completely by hand and
the learning set had to be re-graded to check the secondary memberships
of transition epochs.

Complete hit matrices were then calculated and

written.
2.

Computer analysis

The computer programs and file manipulations surrounding the dis¬
criminant analysis program will now be discussed summarily; further
details or copies of the eight programs and 37 data files are available
via personal inquiry, but will not be included here due to their volume.
The digital data tapes (200 bits per inch) are taken to the CDC computer
facility, where they can be mounted on tape drives when requested from
the TRIMS teletype terminal.

These data tapes are read and the data

processed by a master summary-file program.

The output file from this

program contains the one-minute summaries of the data values and the
derived variables as described in the previous section on discriminant
analysis.

These variables were written on separate files for plotting,

by program RODSUM.

A special program, PLOT, was written to plot each

of these variables for eight hours, two hours per page.

Previous

programs could not print over 100 data points per page nor handle the
various dimensions of the different data varaible arrays.
The sleep stages for these epochs as chosen by the visual analysis
methods described earlier are manually entered into another data file
(STAGE 1-3 for nights 1-3), with the values 0-7 indicating membership
in groups Unknown, Stages I, II, III, IV, REM, Artifact, and Awake,
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respectively.

Obviously, the latter three stages were added later as

their discriminability was demonstrated.

This stage file was added

by program XFORM to the summary files (76 variables) to form data files
SLP1-SLP3.

Actually, the stage file was introduced three times to

form three new variables - the first variable was identical to the
stage file, the second substituted zeroes as the stage indicators for
odd-numbered cases, and the third substituted zeroes as the stages
for even-numbered cases.

One of these three variables was selected

later to indicate to the discriminant analysis program which of the
cases were to be included in the test set (stage « 0) or learning set
(stages 1-7).

The output file of XFORM was formatted properly for

linking with the SPSS discriminant analysis program.
The discriminant analysis program RSPSS is run in a method de¬
termined by the unique SPSS operating system.

Briefly, RSPSS was modi¬

fied for each run to contain all the information needed to "call11
the SPSS discriminant analysis program, in the SPSS format - which
is vaguely similar to a Job Control Language card set.

All of the

data file formats and run options are specified by "control cards" in
this program.

These "cards" are shown at the first of the sample dis¬

criminant analysis printout in Figure D.

Further details on the content

and operation of the SPSS system and its files are available in the
SPSS manual (Nie, 1970).

The only output of this system is a print file

which was checked and then disposed to the line printer.
All of these programs were run in Fortran IV in the batch mode
for economy, but from the terminal using submit-files called "Procfs".
These procs are small files which merely contain the JCL control cards
usually associated with a normal batch run (for example, GET filename,
LGO, REPLACE filename, REWIND filename).

The summary program was run
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by a proc, and its output file printed for later reference and check¬
ing.

RODSUM and XFORM were run by RPR0C3 to create files for SPSS or

plotting.

The SPSS discriminant analysis program, RSPSS, was run by

another proc » RPR0C2.
This is the final system as designed for greatest versatility and
convenience.

But its final simplicity is in no way indicative of its

simplicity of development.

In its creation, many different programs

and file systems were tested upon the first night of data.

The bulk

of the research was done in this development stage, determining which
stages could be discriminated, how many and which variables were needed,
how much artifact was tolerable, which file system was best for each
program, et cetera, and how to interconnect the variously formatted,
unformatted, or SPSS system files used.

Due to these and many other

developmental problems there are many programs and files for the first
night of sleep which are not in the final condensed and standardized
form, but after all improvements were made and tested on all three
nights of data, the necessary files have been re-formed in the final
standardized form, and all programs now use the same type of formatted
data files.

This archive of programs and data files is now in a compat¬

ible form which will enable further integrated research to be done in
this area.
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VI.

RESULTS
The results of sleep stage classifiers are frequently plotted in

the form of all-night sleep profiles; the sleep stages as classified
by the computer and the visual classifier are each plotted with respect
to time, for each one-minute epoch.

There is no ideal indicator of

actual stage of sleep, as the term "hit rate" might imply, so the re¬
sults of the computer classification system are compared with those of
human classifiers in the form of a coincidence matrix where the
vertical position indicates the visual classification and the horizontal
position indicates the computer classification.

For example, the

percentages in the bottom row indicate how many visually classified
Stage IV epochs were placed by the computer into each stage group.

These

"hit matrices" and the overall "hit rates" can be evaluated by com¬
paring them with the inter-judge and even intra-judge hit rates found
in the literature.

This will indicate whether the epoch disagreements

are significant when compared with the surprisingly large residual dis¬
crepancies usually found between different electroencephalographers and
even between different verdicts from the same reader at different times.
A typical sleep profile is shown in Figure E.

The upper plot of

each pair indicates the sleep stage classification of the human classi¬
fier, Ron Dossett; the second of the pair indicates the stage decided
by the computer system.

Thére are four such pairs for each night, in¬

dicating two hours of data per line.

Disagreements are indicated by

a vertical line between the two classifications for that epoch.

These

sleep profile comparisons are very useful for showing the minute-byminute correlations between the two staging methods - the temporal
course of a full night of sleep is shown, and it is easy to see
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the temporal context of the epochs that were missed by the computer.
Each epoch that was missed by the computer was investigated via these
sleep profiles, the raw data listings, and the analog EEG tracings,
to collate an overall evaluation of the system’s performance.
One frequent cause for error was artifact, due to muscle action
potentials, or electrode motion or displacement, as was described in
further detail in the literature survey section.

In addition to causing

obviously abnormal data values, slight artifact may cause epochs of
one stage to appear quite similar to those of another stage.

In order

to develop a system that is practically realizable for all-night
analysis - not just on clear-cut, selected samples as used in many
systems described in the literature - the system must be able to toler¬
ate small amounts of artifact and to discriminate and identify large
artifact periods.

Hence an "Artifact” stage was added to the original

four sleep stages.
In the development of this artifact stage, many discriminant
analysis runs were done and the analog record of each artifact case was
studied to determine how much artifact could be discriminated and how
much could be tolerated.

To complicate matters, these parameters were

different depending upon whether borderline cases with various degrees
of artifact were placed in the Artifact stage of the learning set or
in their proper stage.

Eventually, the best results were obtained when

only those epochs with artifact on all eight leads for at least 12
seconds of that minute were classified as Artifact in the learning set;
epochs with 8-12 seconds of artifact were given a secondary stage
identification of Artifact.

Artifact on only one lead and artifact on

all eight leads for less than eight seconds was found to be tolerable
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and was ignored.

It was at this point that the secondary stage class¬

ifications were shown to be desirable; artifact in one portion of an
epoch, and the sleep stages before and after that artifact, were con¬
current events within the epoch which could not be completely specified
by a single stage identification for that epoch.

Hence all epochs

with a primary stage identification of Artifact also had a secondary
stage identification as determined by the preceding or following portion
of that epoch, whichever was longer.

Epochs with moderate artifact

were secondarily staged as Artifact, with the primary stage determined
by the rest of the epoch.
Similarly, the computer system recognized various degrees of
artifact.

The secondary classification was needed because epochs having

moderate amounts of artifact (in the judgement of the visual classifier)
could be classified by the computer only as either Artifact or the
stage of the remainder of that epoch, and these two categories are not
mutually exclusive.

Therefore the computer also provided occasional

secondary classifications so that both artifact and the correct stage
could be indicated.

Usually, when artifact caused disagreement on the

primary classification, the probability for the second classification
was much closer than usual to the primary stage’s probability (most of
the other secondary probabilities would be less than 1%) so that a
secondary classification would be given by the computer, which would be
the correct stage.
The use of occasional secondary classifications also allowed
proper identification of the frequent transition epochs - which also
were frequently excluded in other analyses reported in the literature.
As was also the case for Artifact, when primary classifications did
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not match, secondary classifications usually were given such that there
was in fact a double agreement - the visual classifier and machine
were disagreeing merely on which was the dominant stage component of
that transition epoch.

The number of epochs given secondary classifi¬

cations was held to an absolute minimum, however, to insure confidence
in the results.

The complete system printout always showed both the

primary and secondary sleep stages, along with their probabilities and
other measures of confidence.
After the artifact detection was developed, REM discrimination
was investigated.

Of course, the REM stage of sleep is characterized

by rapid eye movements, but there are also some accompanying physiolog¬
ical and EEG changes.

It was found that Stage REM could be disciminated

quite well using only the standard EEG variables.

As would be expected,

the least accurate stage discrimination was between Stages I (non-REM)
and REM.

If Stages I and REM were merged, the number of misclassified

epochs would be reduced by about 15%.
Although the Awake state is not literally a stage of sleep, the
system was later expanded to include the discrimination of the Awake
state, because it frequently is found during all-night recordings.

It

was found to be quite easy to discriminate the Awake state from the
other stages, even from Stage I.
Typical results of the discriminant analysis, using these seven
stages, are shown in Figure F.

For each of the three recorded nights,

discriminant analysis was done three times: using the odd numbered
epochs in the learning set and the even numbered epochs in the test
set, vice versa, and using all epochs in the learning set.

In the later

case, classification coefficients were derived which took advantage of
the complete night of data; also, when the epochs were reclassified the
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percentage agreement matrix gave an indication of the system's
accuracy, which also could be compared with the results of other
classifications of the same night's epochs which were based upon
completely different learning sets.
In Figure G, all of night #3 was classified using a completely
different learning set which consisted of all epochs in nights #1
and #2.

Figure G also shows the results when discriminant analysis

was done on a learning set of all three nights to determine the final,
most generalized classification coefficients.

These final classifica¬

tion coefficients were given in Figure D, along with the 40 variables
which were found to have the most discriminating ability on all three
nights combined.

The results summarized in the above figures are

discussed further in the following chapter.
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VII,

DISCUSSION
Tests were

conducted to evaluate the performance of the sleep

stage classification system described above.

A thorough error analysis

also was done on the results of that system.

This chapter will dis¬

cuss the results of these evaluations and other interesting aspects of
the development of this system.
The performance of this system can be evaluated by comparison of
the various hit matrices for the various learning and test sets.

A

discriminant analysis run was done on each entire night to enable
comparisons of the classification coefficients, discriminant function
coefficients, and 40 selected variables derived for each of the diff¬
erent nights.

The first few variables selected - those variables

contributing most to the discrimination of the sleep stages - were al¬
most always the same.

The other variables chosen were basically the

same or similar for each night, although the variables may have been
chosen in different orders for each night.
Discriminant analysis was also done on each night using half of
the epochs for the learning set and the other half for the test set.
Since it was desirable to have the learning set include samples from
every part of the night, the learning set was comprised of every second
epoch throughout the night.

For each night, another discriminant

analysis run was done with the learning and test sets reversed, showing
that the performance was not the result of a fortunate choice as to
which sample of the night’s epochs to use for the learning or test set.
As can be seen from Figure F, the hit rates were quite consistent re¬
gardless of whether the even-numbered or odd-numbered epochs were used
as the learning set.

This consistency lends credence to the system’s
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ability to actually discriminate the basic underlying EEG states.
Furthermore, the hit rates on these runs were not much less than the
hit rates obtained when all epochs were included in the learning set.
This is also an important verification of the system's performance
since it shows that the learning set was large enough that even when
it was cut in half it was able to give a fairly clear and consistent
characterization of the distinguishing features of each stage.

Also,

the test set in the later runs had not been included in the learning
set as in the first global run on each night, but performance remained
quite good.

Furthermore, as explained in detail later, most of the

epochs misclassified in these runs were epochs which were consistently
misclassified - regardless of which learning set was used; these
residual frequently misclassified epochs were evidently not character¬
istic of the stage groupings as defined by the visual classifications
of other members of that group in the learning set.
The first night of sleep contained much artifact.

This is typical

of a subject's first night of sleep in a sleep laboratory, as is sub¬
stantiated in the literature.

The artifact during this night was

primarily due to frequent partial or complete arousals, and basic un¬
rest.

Also, as this was my first attempted all-night sleep recording,

problems arose associated with the maintenance of good electrode con¬
tact over an eight-hour period of tossing and turning.

These electrode

artifacts were reduced in the later recordings as the subject (the
author) became acclimated to the sleep laboratory surroundings and as
better techniques were found for maintaining prolonged electrode contact.
Nights #2 and #3 were much cleaner all-night recordings for later use
in comparative studies, but night #1 was not thrown out because it was
found to contain quite useful data, as will be explained later.
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Multiple night discriminant analysis runs were done to test the
transference of the system's discrimination of stages as learned from
one night to other unrelated nights of data.

Although the intra-night

runs, as discussed above, were comparable to some of the research para¬
digms reported in the literature in which the learning set and test
set epochs were always only one minute apart or otherwise related, the
real test of a sleep stage classifying system is when a completely un¬
related data set is analyzed using the coefficients learned from a
separate night of sleep.
on this data.

Therefore, several such runs were also done

As can be seen in Figure G, the results show that

there was good transference of learned discrimination from one night
to another.

As a worst case, classification coefficients from the

worst recorded night were used to classify epochs from the other nights.
The hit rates obtained were still quite good when it is remembered
that the epochs used for the learning and test sets were not only not
from the same part of the night, but were from completely different
nights.

These nights were also separated by several months to minimize

the similarities found in adjacent nights of sleep.

The analysis in¬

cluded all epochs of each night regardless of whether they were clearly
representative of their stage of sleep, or contained muscle or even
electrode artifact.
It is interesting to note that when classification coefficients
from another night were used to classify night #1, many of the border¬
line epochs were classified as Artifact, although they could have been
discriminated if more borderline epochs had been included in the learning
set.

As a further example, when a preliminary study was done in which

the only epochs used were those which were clearly representative of
their stage and without artifact, as was done in many studies reported
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in the literature, the hit rate was around 99%.

However, the class¬

ification coefficients from such a run yielded extremely poor hit
rates when used to classify all epochs from a night, or especially
epochs from some other night.

This is why current researchers are so

critical of studies which used selected epochs rather than all of the
night's epochs; although high hit rates may be reportable, such a
system would be impractical to implement in an actual research applica¬
tion or clinical setting.
The inclusion of borderline and artifact epochs in the learning
set, although previously seldom done, is very helpful in maintaining
performance on all-night sleep records; this is why the first night of
data ironically became

quite valuable.

following simplified example.

This can be explained in the

Suppose there were a linear continuum

between two distinct groups, or that the data variance was quite well
described by a single linear discriminant function.

Then the group

membership boundary point would be specified much better if there were
known samples of each class that were quite near that boundary, than
if borderline cases had been ignored in the learning set.
illustrated in Figure H.

This is

Furthermore, if artifact caused a second dimen¬

sion of variance in the data, then data values near the borderline
having varying degrees of artifact also would be needed to clearly de¬
fine the boundary line - passing through the above mentioned boundary
point - separating the two groups (see the second half of Figure H).
Hence the problem of discriminating borderline epochs was solved by
properly including them in the analysis (learning set), rather than ex¬
cluding them.

This innovation had been overlooked by many previous

researchers, but a thorough understanding of discriminant function analy¬
sis makes its usefulness obvious.
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In the error analysis phase of this research, the analog records
of misclassified epochs were studied to determine why they were misclassified.

As a result of these analyses, refinements were made such

as the addition of Stages Artifact, Awake, and REM as described earlier,
and the subsequent refinement of the artifact classification.

In the

final system, however, there were residual classification errors which
were studied even further.

It was found that almost all of these re¬

maining classification errors were off by merely one stage, as would
be most desirable.

Furthermore, of these errors two-thirds were made

quite consistently regardless of which learning set was used, as noted
earlier.
There are several possible reasons why these epochs were not found
to be similar to the other members of their stage group in the learning
set.

Because of the flexibility and adaptability of the human classi¬

fier's mental model of the stage definitions, his stage classification
method cannot be as consistent as that of an electronically calculating
computer.

Due to the incredible variability of the EEG, it is difficult

in the first place to set visual staging criteria which will uniquely
specify the proper stage for every possible configuration of the EEG.
These difficulties are reflected in the literature by even larger dis¬
agreements between different judges and different classification read¬
ings by the same judge, of from 15-30%.

Hence, it is to be expected

that the computer might be more consistent in implementing the criteria
it learns from the consensus of the visually classified epochs in its
learning set, and these few residual errors could be a function more of
their visual classification than their computer classification.
does not demean the visual classifier's ability, however, for the

This
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intra-judge disagreements reported in the literature are even larger.
Also, the current sleep staging criteria were defined long ago based
merely on EEG features recognizable by the human eye; these criteria
might have room for improvement with the utilization of more complex
mathematical formulations which have a better grasp on the information
contained in the EEG data base.
Hence, this system's high accuracy was verified by the fact that
the computer agreed with the judge from one night to another more
closely than judges agree with themselves even on the same data.

Further

more, this system's precision was demonstrated by the fact that when
the same data files were rerun at a later time, the results of the
classification stage of analysis, as well as the complex learning stage,
were identical.
In addition to the error analysis, several other aspects of the
research bear discussion.

As explained in the background chapter,

some studies report the overall hit rate and some report the average
of the hit rates for each of the stages regardless of the number of
epochs in each stage.

Obviously, the complete hit matrix is a far bet¬

ter indicator of system performance, but the overall hit rate is fre¬
quently what is asked for to evaluate different systems.

It should be

noted, however, that due to the great disparity in group sizes, the
overall hit rate could be increased by the use of methods which slightly
increase the percentage hit rates for groups with large memberships
while greatly diminishing the hit rates for groups with small memberships
For example, in a typical night of sleep there might be about 200 epochs
of Stage 11 sleep but only about 20 epochs each of Stages III, Artifact
or Awake.

Obviously, one would desire to maximize the detection of each

of the stages.

Therefore in this research the diagonal

of the hit rate
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matrix was used as the criterion of merit so that the overall hit
rate would be as large as possible without reducing the accuracy on any
one of the stages.

For each of the hit matrices in this research,

both the overall hit rate and the average hit rate are reported.
In the classification stage of discriminant analysis, the prior
probabilities of membership in each of the groups is entered by the
user, and may be used to tilt classification toward one group or another.
As explained in the chapter on discriminant analysis, these values influ¬
ence the probabilities of an epoch being classified into each of the
groups, and their effects are felt especially on borderline cases.

In

this research, it was desired that the epochs be classified independently,
so equal prior probabilities of one-seventh were used.

Later, it was

found that due to the great disparity of group sizes, if the prior
probabilities were set to be the same as the percentage of the learning
set epochs in that group, classification was tilted toward Stage II at the dire expense of the other stages.

As explained in the previous

paragraph, this would be a method which would increase the overall hit
rate at the unfortunate expense of discrimination of stages with small
memberships.

Hence equal prior probabilities were maintained.

A full eight lead montage was selected because of its frequent use
in EEG research and to provide information on the spatial distribution
of the sleep EEG.

It was hoped that the full montage would provide

more complete coverage of the EEG changes during sleep.

Different re¬

searchers advocated different electrode positions for discriminating
sleep stages, so all eight of the major brain areas were included, util¬
izing stepwise discriminant analysis to determine which of the leads
and which of the variables from that lead provided the most sleep stage
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discriminating information.

Studying these stepwise variable inclusion

tables as in Figure D and the all-night plots of the 76 variables as in
Figure C, yielded the following information on the behavior of these
variables.
The top 40 variables that were chosen by the stepwise discriminant
analysis of all three nights of data were included in Figure D, but are
further analyzed in Figure I.

From this figure it can be seen that all

of the four brain areas were needed in the analysis.
nor right side was predominant.

Neither the left

Usually if one variable from one side

of the head was selected the same variable from the other side would
not be selected, and the different analyses sometimes selected the same
type of variable but from different sides of the head.

However, several

of the variables which compare the activities of the same leads on both
sides of the head were also found to be quite important.

None of the

types of variables formulated were found to be useless,

so the choice

of these postulated variables and the eight lead montage was shown to
be reasonable and judicious.
Upon further inspection of the summary table in the typical comput¬
er printout of Figure D, it can be seen that the first few variables
chosen are from the left frontal leads and that the next few variables
are from the left occipital leads.

Moreover, the first few types of

variables chosen are the mean squared difference variables of the left
frontal, and left occipital, followed by the mean and standard deviation
variables for the same areas.

Beyond this point however, there was no

outstanding preference for one particular brain area or variable type the variables merely were chosen according to their contained informa¬
tion.
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The temporal leads were not chosen quite as often as the other
leads because they lie directly over the temporal muscles which intro¬
duce contaminating muscle action-potential artifact whenever the
subject is swallowing, turning, or not completely relaxed.

Hence these

signals were good indicators of artifact, wakefulness, or general
arousal, but poor discriminators of the other sleep stages.

The stand¬

ard deviation and INT variables were also good indicators of artifact
or transitions within an epoch.
The frontal leads contained some REM information, but not just
through pickup of the EOG through the proximity of the frontal leads
to the eyeballs.

The REM stage was clearly indicated in the frontal

leads by somewhat elevated Major Period counts and definitely elevated
Intermediate Period counts.

These were indicated by the means and the

mean squared differences for these leads.

The standard deviations of

the three period counts were also almost identical during Stage REM.
The progression from the awake state to Stage IV was indicated by a
general slowing on all the leads, with the synchronous delta activity
of Stage IV causing a drastic decrease in the standard deviations of
the Major Period counts.
Although different variables were better at indicating different
particular features, it must be stressed that none of the variables really
single-handedly discriminated all of the sleep stages - only the combined
information of all these variables was capable of accurately identifying
all of these stages.

However, there was one type of variable which

was found to be surprisingly outstanding for discriminating the fundament¬
al four sleep stages - the intra-channel MSD.

This variable measured

the mean squared difference between the Major and Intermediate Period
counts (MSQDl), or between the Intermediate and Minor counts (MSQD2).
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As can be seen in the plots of this variable in Figure C, Stage IV was
clearly indicated when MSQD1 was less than MSQD2, Stage III was indicat¬
ed when the two were nearly identical, Stage II was indicated when
MSQD1 was slightly greater than MSQD2, and the other stages were indicat¬
ed by an even larger difference between the two variables.

Although it

initially may not have been intuitively obvious why this variable was
calculated, it can now be seen that it is very useful for indicating
sleep stages.

This highly valuable discriminating information was missed

by previous studies using only the one minute averages of the Period
Analytic counts.

Only quadratic discriminant analysis using all three

of the period counts could have indirectly derived the information con¬
tained in these two variables.

If there is ever a need for an extremely

simple sleep staging machine with less accuracy and fewer stages, the
ratio of the two mean square differences for either frontal channel
could be fed to four threshold detectors to provide a fairly good indica¬
tor for the four basic sleep stages.
It is also interesting to note from the summary table in Figure D,
that as the F statistic or the change in Rao's V was decreasing as each
variable was selected, occasionally a newly included variable would
have a much larger F or change in Rao's V.

This indicated that there

were variables in the analysis which contained much more information
as a group than they each did individually.

Hence one or two variables

of the group might be included on their own merits, but since these
figures of merit indicate the value of the new variable given the inform¬
ation of all the variables already included, this would cause the value
of the final variable to suddenly be much greater than its value was
when considered alone.

There were several examples of such behavior.

68

At step seven, the value of XL02 was enhanced after XL01 was included
in the analysis, indicating that there was significant information in
the difference between those two variables.

As expected, the other

variable containing similar information - MSQDL01 - was also one of
the first four variables chosen.

Similarly, at step 27 MSQDRF2 had

much more value after XRF2 had been included, XLF1 had much more value
after MSQDLF1 and XLF2 had been included, SRT2 followed MSQDRT1, SR02
followed SR01, MSQDRC2 followed INTC1, SLT3 followed INTT3, and SRT1
followed MSQDRT2.
In addition to the other research advantages of an eight lead
montage, the multiplicity of leads was extremely helpful in reducing the
system's sensitivity to electrode artifact on any one lead.

Sometimes

one electrode was loose or making a high impedance contact, causing
signal attenuation or modulation as the pressure on the electrode
changed the electrode impedance.
sive muscle artifact,

These types of artifact, unlike mas¬

cannot be discriminated as artifact, and merely

make an epoch of one stage look like that of another stage.

However,

the multi - channel system was usually able to correctly identify the
stage of such epochs, whereas a single channel classifier would have
been erroneous or decapacitated.

69
VIII.

CONCLUSION
As a result of the research reported in this thesis it has been

shown that the Period Analyzed EEG contains sufficient information for
the discrimination of the different stages of sleep.

A method was

developed and refined for accomplishing that discrimination, with
intra-night hit rates of 94-99% and inter-night hit rates of from
88-98%.

The accuracy and precision of this developed system is quite

high compared with other hit rates published in the literature of
65-85%.

The system’s performance is further verified by the fact that

after learning from epochs from one night of sleep, its classification
of a completely different night's sleep concurred with the encephalographer's visual classification of that night even better than different
encephalographers agreed on classifications of the same epochs.

Inter¬

judge agreements in the literature are usually only 70-80%.
A thorough survey of the literature was conducted initially, to
insure a proper understanding of the other research being done in this
area.

The first part of this thesis was dedicated to summarizing the

results of that literature search and to discussing the results of and
specifically evaluating the merits or shortcomings of several of the
important papers in the literature.

The purpose of this section was to

show how the current research fits into the context of other current
research conducted on this subject.

From these evaluations, it was ap¬

parent that there was a need for a simple and accurate classification
method that could be practically implemented in a realistic research or
clinical setting - not just in an idealistic laboratory setting where
borderline artifact and transition epochs were not considered.
The second part of this thesis described the research leading to
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the development of such a system, including the results of the error
analyses and other evaluations of the system's performance.

In addi¬

tion to the standard four stages of sleep, this system was shown to be
able to discriminate REM from non-REM Stage I without the use of the
three EOG leads.

Detection of the Awake state was also included.

Furthermore, the system was able to tolerate considerable amounts of
artifact and included an artifact detection stage to indicate the
presence of severe artifact.

The system demonstrated its ability to

successfully handle transition epochs which, in addition to epochs with
slight artifact contamination, are frequently found in all-night record¬
ings.

The system's practicality is further demonstrated by the ease

with which the variable calculations and classification coefficient
multiplications could be implemented using a simple micro-processor.
Furthermore, such a system would not have to be scrapped, as many hybrid
analyzers would, if different sleep stage definitions were desired.

In

fact, the same machine could be used to mimic the staging of several
different electroencephalographers merely by storing only 41 numbers
in read-only memory for each of the EEG readers.
Current research was not limited to the terminal development of
this classification system; since this research was also concerned with
investigating the underlying causes and effects in an ongoing manner,
several new areas of research also have been spurred.

A new sleep lab¬

oratory is being created, through which the data base can be broadened
to include all-night sleep recordings from many different people.

Dif¬

ferences in sleep patterns between different people may then be analyzed.
Also, the sleep staging paradigm developed in this thesis may be
programmed into a micro-processor system currently being designed to
digitally replace the analog period analysis encoders; or a separate
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micro-processor may be designed to do the classification.
However, the most promising area for further research lies in
cluster analyses of the sleep epochs.

The research reported in this

thesis has demonstrated that these variables from the Period Analyzed
EEG have an excellent grasp on the information contained in the EEG
for discriminating different stages of sleep.

Hence the next obvious

questions would be, "Are these 76 variables able to provide a better
grasp of the features and information in the EEG than was available when
the sleep stage definitions were posed by early electroencephalographers through mere visual inspection of the raw EEG tracings?

Could

this more complete grasp of the information in the data base be used
to look for more natural sleep stage boundaries which are indicated by
parameters not obvious in the time domain events?"

The current re¬

search is presently being extended to include the development of ad¬
vanced clustering techniques which may be able to indicate a few more
natural sleep stage boundaries; tentative results indicate the presence
of some new categories of demergent sleep epochs as well as some other
modifications of sleep stage boundaries.

In this manner, it is hoped

that the signal analysis techniques of Electrical Engineering can be
powerfully exploited in this biological application, for the EEG is an
extremely complex signal and detection of its changes in state may
require more complex mathematical analysis than was possible through
visual inspection of the time domain events in the EEG.
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FIGURE A
SLEEP STAGE SAMPLES
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FIGURE B
PERIOD ANALYZED EEG SAMPLE

A typical EEG waveform, its first derivative, and its second derivative.
Circles indicate positive-going zero-crossings. If this graph represented
one second, the Major, Intermediate, and Minor Period counts would be
2, 4, and 5 respectively.
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FIGURE C

SAMPLE PLOT OF VARIABLE "X"

PAGE 1: ONE MINUTE MEANS OF MAJOR COUNTS
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FIGURE C

SAMPLE PLOT OF VARIABLE "MSD"

PAGE 2: ONE MINUTE MEAN SQUARE DIFFERENCES

FIGURE D
CONDENSED TYPICAL DISCRIMINANT ANALYSIS OUTPUT
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FIGURE D
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FIGURE F
AGREEMENT MATRICES» AND HIT RATES FOR EACH NIGHT
Night #3; LEARNING SET = all epochs; Test set = all epochs
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FIGURE G
AGREEMENT MATRICES FOR TYPICAL MULTI-NIGHT TESTS
Night #3: LEARNING SET = Nights #1, #2 ; Test set = Night #3
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FIGURE H
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BOUNDARY?

Illustration of two groups represented by a single discriminant function,
in which the existence of borderline cases helps indicate the boundary
between the groups.

Illustration of two groups represented by a single discriminant function,
with artifact content constituting the second dimension, in which the
existence of borderline cases helps indicate the boundary between the
groups.

FIGURE I

TABLE OF VARIABLES SELECTED USING ALL THREE NIGHTS
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SYMBOLS: X * Variable chosen at steps 1-20
0 ■ Variable chosen at steps 21-40
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