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Preface

Although the major part of this research started in 1984, my interest
in simple models of rhythmical brain activity, based on white noise, feedback
loops and Markov chains, dates back to 1875-1977. At that time, I was working
both as a volunteer with Professor Dr. F.H. Lopes da Silva (now at the Uni-
versity of Amsterdam) at the TNO Institute of Medical Physics, Utrecht, and
on my masters thesis under the supervision of Professor Ir. E.W. Grdneveld at
Twente University, Enschede. During that period and ever since, I have
received regular support and criticism from them both.

The Wonham-filter (ch.III) was suggested to me in 1976 by Professor Dr.
Ir. H. Kwakernaak from Twente University. However, at that time our mathema-
tical models were too complex to allow application of the filter and we did
not yet realize that the existence of feedback 1loops in the brain would
enable us to make the required simplifications. These were first exploited in
a 1978 masters thesis 1in Twente by Ir. H.A.P. Blom. (now at National
Aerospace Laboratory in Amsterdam). It took a course (in 1980) on stochastic
filtering and control by (a.o.) Dr. Ir., J.H. Van Schuppen of the Centre for
Mathematics and Computer Science in Amsterdam, followed by many discussions
about possible applications (ch.III and IV), to rediscover the Wonham filter.
At the end of that year, I rederived the results obtained by Blom, but this
time using both this filter and a still somewhat more simplified model.
Although stochastic filtering theory methods were abandoned in 1985 (ch.V),
they taught us how to deal properly with the physically and mathematically
troublesome white noise in our mode1s.

Ever since my appointment in 1977 as a medical physicist (although I am
not a physicist) in the Department of Clinical Neurophysiology in Leiden,
Professor Dr. H.A.C. Kamphuisen has made me feel at home 1in this clinical

environment and he gave me the opportunity to initiate new research direc-



tions. As head of the physics and informatics group and as a staff member, I
have always tried to find an efficient balance between my own research and
other projects in the department. Still, the innovating and reliable contri-
butions of the group (Drs. J.M. Franzen, A.J.M.W, Janssen, ing. C.G.S. Kramer
and many passing guests) have been indispensable for most of the applications
in this thesis. Working with a small team in close collaboration with the
medics (in particular Drs. R.J.H.M, Arts and Drs., J.G. Van Dijk) and parame-
dics (a.o. Mrs. G.J.M. Keulen, Mrs. M, Van Rijnsbergen and Mrs. H.D.J.
Geurts) in a clinical environment has been most helpful in designing methods
to improve patient care. The many problems arising from the incompatibility
between biology and technology and from all kinds of human factors were in
general recognized at early stages of the projects.

Dr. J.H.M. De Groen (now at the University of Limburg) and Ir. A. Kumar
(University of Amsterdam) introduced me to sleep and its analysis in 1977,
However, it was only after years of modelling and analysis of the waking
brain, and an exciting excursion into radar quantification of neurological
body movement disorders (with Dr. 0.J.S. Buruma and Dr. R.A.C. Roos), that we
decided in 1983 to focus on sleep, 1in particular on automatic sleep moni-
toring. I still had to find out how to deal with multichannel, multirhyth-
mical and multistate brain activity, eye movements, muscle tone, 'future'
information and how to combine these. While doing this, I had the invaluable
support and cooperation of Ir. P. Jaspers (Delft University of Technology,
now at Philips Medical Systems), Dr. A,N. Nicholson (R.A.F. Institute of
Aviation Medicine, U.K.) and Dr. E.L.E.M. Bollen. Soon, it became clear that
the sleep project would continue to grow and many sleep recordings would have
to be carried out. Therefore, I also started the modifications of the por-
table home recorder, that have been evaluated first by Mrs, G.T.M. Van Dok 1in

1985,




Many technicians and volunteers gave me the opportunity to test all
sorts of ideas, some of which led to this thesis and others have been placed
in the custody of Mr. J. Bink (archives). Literature was traced by Mrs. A,
Van Zuyden. Photographic reproductions were made by Mr. G.J. Van De Giessen
and Mr. A.J. Rhijnsbhurger. Mrs. T, Offers and Mrs. T. Rodenburg forced our
reluctant text prOCEssor to print formulae., This was only possible at the
cost of a rather small printing fount, for which I apologize. Mrs. B. Vollers
and Ms., M.E. Van Hoogevest respectively, language-corrected the English and
provided the French texts. Because chapters II, III and IV have been, and V
is intended to be, published as separate articles, they each contain more
specific acknowledgements.

I hope we can continue our collaboration 1in unravelling some of the

mysteries of sleep and sleep disorders,



1. INTRODUCTION

In this chapter we state the reasons for our interest in sleep moni-
toring and its automation. The major propositions, purpose and limitations of
this thesis will be indicated. Because chapters II, III and IV have been, and
V 1is intended to be, published as separate articles, they each contain their
own specific introduction. Some general literature on sleep and its analysis
has been listed at the end of this chapter.

Most people spend about 30% of their 1ifetime asleep. The urge to sleep
may be so irresistable that one may even fall asleep while driving a car.
Even when subjected to highly idintensive, stimulating programmes, everyone
will fall asleep within a few days of sleep deprivation, before any serious
harm seems to have been donhe. Apparently, sleep must fulfill some vital func-
tion, that requires and compensates for these long, vulnerable and unproduc-
tive periods of paralysis and unconsciousness. There has been much specula-
tion about the nature of such a function (physical or psychological restora-
tion, energy saving, Tlearning, etc.) but none has been confirmed. S$till,
about 10% of middle-aged and 20% of older people feel that they do not sleep
well. These complaints may have various causes with different effects on
sleep and daily performance. Sleep monitoring already makes it possible to
diagnose and treat several sleep-related disorders (e.g. narcolepsy, circa-
dian rhythm disturbances, sleep apnoea, depression, insomnia, excessive
daytime sTeepiness). However, as we still know very little about the phy-
siological mechanisms of sleep, so we can hardly expect to understand its
disturbances. If we wish to know more about sleep physiology, function and
disorders, we have to perform thorough studies by monitoring sleep 1in many
subjects over lonhg periods of time.

To do this, we must specify what we mean by 'sleep'. During normal

sleep, several behavioural (e.g. depth of consciousness, reactivity, body
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posture}, psychological (e.g. probability of recalling a dream, dream con-
tents) and physiological (e.g. brain electrical activity, muscle tone, heart
rate, eye movements, twitches of the limbs, pupil contraction, body tem-
perature, release of growth hormone) variables are modulated in a more or
less synchronous way. Several triggers (e.g. night shift, sleep deprivation,
pregnancy, jet lag) and most sleep-related disorders affect the time course
of this modulation, while the correlation between the variables is preserved,
The same holds for interindividual differences. Some adults feel all right
and perform adequately after only 4 hours sleep, while others need 10.
Elderly people spend much less time asleep (particularly 'dream-sleep') than
children, However, the sleeps of different individuals can still be compared,
because they all show simultaneous variations of the same biological
variables, This is also partly true for animals, enabling phylogenetic and
animal experiment studies to be carried out. We therefore conform to the
often ‘applied operant definition of sleep as a process characterized by
synchronous variations of a specific set of biological variables. In par-
ticular, possible disconnection (also called dissociation, e.g. chapter VI.2
and VI.3) of these variables will not be considered here.

Most applications, also in this thesis, are restricted to electroence-
phalographic (EEG), electrooculographic (E0G) and electromyographic (EMG)
variables that can be recorded by means of surface electrodes on the scalp,
near the eyes and on chin muscles, respectively. These recordings can be
obtained at relatively Tow cost, little discomfort and with little risk of
disrupting the sleep process. They show quite strong interrelations. The
restriction is not essential: the theoretical framework in this thesis is of
sufficient generality to inciude many more variables.

Based on the above proposition, sleep can be monitored by recording

EEG, EOG and EMG. However, these signals are also subject to unpredictable



variations which are not related to sleep. A certain amount of hoise
filtering 1is, therefore, necessary. This is usually done by training EEG-
technicians and neurophysiologists in the rather complex process of
recognizing sleep-related signal characteristics. They perform subsequent
averaging over a period of 30 seconds, Smoothing over intervals up to 3 minu-
tes may be necessary if the 'signal-to-noise-ratio' dis still dinsufficient.
The final result is a classification of sleep into a limited number of stages
(fig.1). This sleep-pattern, or hypnogram, is accepted worldwide as a basis
for the study of sleep and the diagnosis of sleep disorders, Despite the
standardization of terminology and classification rules, and despite inten-
sive training programmes, different trained specialists (and even the same
specialist on different occasions) produce quite different classifications.
Moreover, the procedure is very laborious; clinical recording and analysis of
one night takes about 10 and 5 hours, respectively. Often, several nights per
subject have to be classified by more than one specialist and the resulting
costs are a major obstacle 1in sleep research and patient care. In contrast to
our neighbouring countries and the U.S.A., The Netherlands does not have a

specialized sleep centre.
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Figure 1: A typical whole-night classification of sleep in the stages Wake-
fulness, Rem (i.e. 'dream-sleep'), and stages 1, 2, 3 and 4 that
range from drowsiness to very deep sleep.
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Automation of both recording and analysis would reduce costs con-
siderably and improve classification consistency. For a few years now, auto-
matic recording with the subject sleeping at home in his or her own bed has
been applied in several laboratories. The particular method developed by us
has been operational since 1985 (ch.VI.4).

Automatic sleep analysis has been a subject of interest since the fif-
ties. The methods were first based on analogue processing, later also on
digital or hybrid computers. They mimic the human classification procedure in
that they consist of preprocessors that enhance sleep-related signal com-
ponents, followed by some smoother in order to remove the remaining noise.
Many methods have been suggested (ch.V). Only a few have been compared to the
standardized human classification, resulting in man-machine agreements
ranging from 65% to 86%. The corresponding man-man agreement was established
in only two studies (Lacroix and Stanus 1985, Martin et al 1972), being 8%
better:in both cases. These comparisons have been based on only a few nights
of sleep in (except for one patient) healthy young male subjects, No system
has yet been validated such that it can be relied upon in routine clinical
sleep studies. All methods are based on tuning and retuning during years of
experience. Most of them have not been reported in sufficient detail to en-
able, specify and reproduce applications. All methods combine several inter-
mediate decisions about isolated sleep-related signal components (e.g. 'many'’
or 'few' rapid eye movements). Because the reliability of these decisions is
not taken into account, the final decision on the sleep stage is suboptimal.
Not one of the methods exploits the fact that the optimal way to obtain
information about an unknown process from noisy observations, can be derived
from a model that describes the statistics of both the process and the obser-
vations.

However, the physiological and medical 1literature now provides enough



material to develop simple stochastic models of sleep and the sleep-related
observations (chapters II,III,IV,V). Based on information theory, we can then
create the corresponding, optimal way to process these observations in order
to obtain the desired dinformation about sleep (ch.III,1V,V). The models
introduce physiological and statistical knowledge into the sleep monitor and
so we may hope that the results are closer to 'real' sleep than is possible
by mimicking the, probably suboptimal, human analysis procedure, This thesis
shows that the advantages of this approach were strong enough for the rapid
development of a sleep monitor that performs adequately and is sufficiently

simple to specify the method and interpret the results.
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II. SIMULATION OF HUMAN HYPNOGRAMS USING A MARKOV CHAIN MODEL

Bob Kemp and Hilbert A.C. Kamphuisen

Reproduced from Sleep 1986, 9:405-414

Summary

A Markov chain model has been proposed as a mechanism that generates
human sleep stages. A method for estimating the parameters of the model, i.e.
the transition probabilities (rates) between sleep stages, has been intro-
duced and applied to 95 hypnograms taken from 23 subjects. The rates charac-
terize interindividual differences and nightly variations of the sleep
mechanism, related to sleep-onset behaviour, to the decreasing amount of slow
wave sleep 1in the course of the night, and to the REM-NREM periodicity. The
model simulates both probabilistic and the above mentioned predictable dyna-

mics of sleep, but only if these time~varying, individual rates are applied.

I1.1. Introduction

In the course of a night, human sleep seems to travel through various
stages, following a rather unpredictable pattern (fig.1). Despite the widely
applied classification of sleep into a limited number of discrete stages
(e.g. Rechtschaffen and Kales 1968), the precise definition and the func-
tional significance of these stages 1is not clear and other stages probably
also exist (Rechtschaffen and Kales 1968, Lairy 1977, Broughton 1982, Par-
meggiani et al 1985). However, the classification +is based upon clear
electrophysiological events that occur during sleep and many investigators
have demonstrated the correlation between these stages and not only various
somatic, autonomic and biochemical sleep-related phenomena (e.g. Parmeggiani

et al 1985), but also pathological aspects of sleep (e.g. Broughton 1982,
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Dement and Kleitman 1957, Feinberg et al 1967, Miles and Dement 1980, Spiegel
1981). Therefore, it may be useful to develop a model that can simulate hyp-
nograms, since this may suggest a sleep mechanism, parameters to characterize
sleep (Hermann and Kubicki 1984) and methods to analyse sleep (c.f. this
paper and also Kemp et al 1985).

No comprehensive model of a hypnogram-generating mechanism is
available, but several models describe various aspects of it. A physiological
model of the REM-NREM sleep cycle mechanism in the cat (Hobson et al 1975,
McCarley and Hobson 1976, McCarley 1980) can also be used to simulate various
human sleep characteristics (Beersma et al 1984). Several phenomenological
models have been based upon reproducible, predictable aspects of human hyp-
nograms. There are two categories of such models. (a) Deterministic models
use time-varying functions to describe systematically occurring charac~
teristics like the REM-NREM periodicity, the decreasing amount of slow-wave
sleep (stages 3 and 4) 1in the course of the night and the relationship bet-
ween sleep and the circadian rhythm (Beersma et al 1984, Borbély 1982,
Winfree 1982, Lawder 1984, Borbély 1984, Daan et al 1984). (b) Probabilistic
models use stochastic processes to describe statistical properties of hyp-
nograms like the variability of the REM-NREM cycle, the short interruptions
within REM 'blocks' (fig.1), and the random (in time and in direction) tran-
sitions between stages (Zung et al 1965, Yang and Hursch 19873, Bowe and
Anders 1979, Ursin et al 1983).

Although some stochastic variation has beenh introduced into one of the
deterministic models (Daan et al 1984) and some time-varying functions into
probabilistic models (Yang and Hursch 1973, Ursin et al 1983) the resulting
mechanisms cannot, and were not intended to, simulate all probabilistic and
deterministic aspects of hypnograms. To our knowledge, no simulated hyp-

nograms have been reported.

-12-



In this article we present a simple model that contains all the above-
mentioned probabilistic and deterministic aspects of sleep. The model will be
introduced in sufficient detail to enable, specify and reproduce applica-
tions. We investigated its ability to characterize the nightly dynamics and
the individuality of the sleep mechanism. Finally we will show some simulated

hyphograms,

I11.2. Model

We will conform here to the standardized form of hypnograms
{Rechtschaffen and Kales 1968) 1in which sleep is classified into the set of
seven stages wakefulness, REM, stage 1, stage 2, stage 3, stage 4 and move-
ment time, abbreviated W, R, 1, 2, 3, 4 and M, respectively (fig.1).

Transitions between these stages occur 1in unpredictable directions and
at unpredictable moments. However, they seem to obey a probability law in
which the sojourn times (i.e., the 1intervals between two successive tran-
sitions, during which sleep remains in the same stage) have an approximately
exponential distribution (Kemp et al 1985, Yang and Hursch 1973, Williams et
al 1964, BRezinovd 1975). This observation suggests that the transitions may
be generated by a continuous-time Markov chain process (e.g. Larson and Shu-
bert 1979:ch.3.3). Such a model was proposed briefly by Zung et al in 1965,
Yang and Hursch (1973) concluded that the model is inadequate because the
sojourn times in a group of individuals do not fit geometric (the discrete-
time analogue of continuous-time exponential) distributions. However, dif-
ferent individuals show different sleep characteristics (e.g. Spiegel 1981),
that are also reflected by the model (as set forth in this article). Because
of this and because the average of different (individual) geometric distribu-
tions is not geometric, the argument of Yang and Hursch (1973) does not hold.

Based on this argument, a semi-Markov model has been proposed (Yang and

-13-



Hursch 1873), 1in which the sojourn times may have any (nhon exponential)
distribution function. These are two-dimensional functions, both of the clock
time and of the sojourn time. Specification of the model is therefore almost
impossible, and in all applications (Yang and Hursch 1973, Bowe and Anders
1979, Anders and Keener 1985, Anders et al 1985) only mean sojourn times (a
function of clock time only} were considered. Because these are dimplicitly
specified in the Markov model (Larson and Shubert 1978}, all results obtained
by these semi-Markov parameters can‘a1so be obtained by the Markov parame-
ters. For the same reason, the attempt to validate the semi-Markov model
{Yang and Hursch 1973), in fact, supports the Markov model. A continuous-time
model is preferred because real sleep is not segmented into epochs (e.g. of
30s), although hypnograms generally are,

The mechanism of the continuous-time Markov model is rather simple, If
sleep, h(t), at time, t, is in a certain stage, i, then there is for each j#i
a probability, P{h(t+4)=jlh(t)=i}, that it will be in stage j after a time
interval, A. The Markov property implies that this probability does not
depend on sleep history. Because more than one transition may occur 1in one
interval, A, one usually specifies the transition rates, ajli(t)’ over infi-

nitely small intervals (which cannot contain more than one transition):

85506 = gplPinCesa)=jln(e)=i}/a] (1)
This means that aj]i(t)'A is the probability that sleep jumps from i to j in
the small interval, A. These transition rates specify completely the process
that simulates sleep from wakefulness to the end of the night. The average
sojourn times can he derived from the rates. In the section Simulations, the
process will be discussed in greater detail.

Time dependent transition rates have been applied earlier to explain

-14-



and to quantify the apparent, but variable, ultradian periodicities in the

sleep of rats (Bari et al 1981) and cats (Ursin et al 1983).

I1.3. Estimation of transition rates

The parameters of the model, i.e., the transition rates, have been esti~
mated from 95 hypnograms taken from 23 healthy male volunteers, aged 18 to
30 years, with previous experience as subjects for polygraphic sleep recor-
dings. Records were scored by two analysts according to the Rechtschaffen and
Kales criteria (see Acknowledgement).

The maximum Tikelihood estimator for the transition rate, ajli(t)’

reads (Snyder 1975:ch.2.4):
éjl'i(t'A) = nj'.i(tlA)/Ti(tlA) (2)

where Ti(t,A) is the total time spent in stage i and njli(t’A) is the number
of transitions from stage i to stage j. Both Ti(t,A) and njli(t’A) are
counted in an interval [t-A/2,t+A/2] of duration A around time t. The com-
putation of ajli(t’A) from more than one hypnogram, called averaging in the
sequel, 1is performed by counting Ti(t,A) and njli(t’A) from all the
corresponding intervals around t. In the following, the arguments (t) and
(t,8) will be omitted for brevity. Within small (relative to the nightly
variations of the sleep mechanism, e.g. the REM-NREM periodicity) intervals,
A, the process 1is assumed to be homogeneous, i.e. the transition rates are

constant., In that case, the estimator is unbiased and its variance depends on

Ti and ajli as follows (Snyder 1975:ex.2.4.8).

Var{aj]i} = EIJ.“/T_i (3)
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A 70% confidence interval for ajli can be approximated by %1 standard

deviation, i.e.:

Va, /T, S a, .8, $Va, /T, (4)
MR RS RIS I SR
This can be transformed into two quadratic inequalities 1in aj|i and ajli

(Fleiss 1981:ch.1.4). Their solutions express the confidence interval as a

function of n,y. and T.:
jli i

éjli + {z—Vain-Ti+z}/Ti < 34 < aj]i + {K+Vaj‘i-Ti+k}/Ti (5)

or, equivalently:

{nj'i + % - l‘n.lﬂ'li}/.l'_i < a

514 € {njli + X%+ vﬁ;li+x}/Ti (6)

jli
If nj|i=10’ the size of this 70% confidence interval is 60% of ajli. If

njli=100, it is 20% of ajli.

) J W R 1 2 3 4 M

& - .000149 ,007771 .000130 ,000000 .000000 .000000
R .000221 - .001409 .000338 .000000 .000003 .000003
1 .001363 .003211 - .011243 .000000 .000000 .000000
2 .000249 .000405 .001068 - .001033 .000000 .000021
3 .000137 .000026 .000231 .005195 - .003734 .000128
4 .000028 ,000000 .000028 .000198 .005777 - .000156
M ,000000 ,000000 .013492 .017460_.001587 .000000 -

Table 1: Average whole night transition rate estimates, é-]i in s”1 (di.e.
average number of transitions-to-stage-j per second{in—stage-i). See
Model section for definition of abbreviations.
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A first impression of the absolute value of the rates has been obtained
by estimating average whole-night transition rates (table 1 and fig.2) over
an interval, A, spanning the first 8 hours of the hypnogram and by averaging
over 46 hypnograms (23 subjects, 2 nights each). Although figure 2 allows a
rapid dinspection of some ‘important sleep characteristics, it is biased
because it neglects changes of the s]eep mechanism that occur in the course
of the night. Therefore, we investigated the time course of the transition
rates of which the whole-night estimates were based upon at least 120 tran-
sitions (1.e. nj|12120)' The 8 hour interval has been divided into 32 inter-

vals, A, of 15 minutes, each yielding an estimate if Ti>0' Averaging has been

-17-~



performed over the same 46 hypnograms. Highly significant (p<0.0001, 1i.e,
more than 20 of the 32 confidence intervals did not include the whole-night
average) inhomogeneities were present in 5 rates, In these cases we proposed
a subjectively smoothed (by hand) time course (fig.3). Besides some simple
trends that seem to be related to sleep-onset and slow-wave sleep, figure 3
shows periodicities 1in aR|2’ é3|2 and éR|1 that may account for the REM-NREM

periodicity.
-=1/1150s T1/60s

1R -

Pt

T1/150s 1/450s

o

rate estimates -+

hours +

Figure 3: Nightly variations of average (23 subjects) transition rates.
Circles, estimated rate, &j]i, from stage i to stage j. Vertical
bars, approximate 70% confidence 1interval. Dashes, whole-night
average of table t and figure 2. Solid line, smoothed (by hand)
time course. Note the increasing tendency to fall asleep 1in é1|w
and &2|q in the first hour and the periodicities in ar|1- aRrlo and
832 in the first 3 hours. Note the decreasing tendency, 83|z, to
reach stage 3 in the second half of the night. a1|R serves as an
example of a very constant rate.

Because such periodicities may be obscured by interindividual differen-

ces, we have estimated these time courses separately for the 8 subjects from
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whom at least six (maximum 10) hypnograms were available. Only within-subject
averaging has been performed over these (six to 10) hypnograms. These indivi-
dual estimates indeed show more pronounced periodicities, especially in sub-
jects ND, AD and NS (fig.4). The three rates seem to be synchronized,
aSIZ being opposite to aR|2 and aR|1. They show clear interindividual dif-

ferences.

ND AD NS

305 T ( H

hours -+

Figure 4: Individual time courses of transition rate estimates for subjects
ND, AD and NS. Solid line, time course (by hand, AD only). Note the
constant, synchronized periodicities in AD and NS with periods of ~
93 and 101 minutes, respectively.
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I1.4., Simulations

In this section we describe how to generate simulations by the model.
These enable both a general qualitative impression of its performance and
statistical testing of any particular aspect. Some examples are given.

When sleep resides 1in stage 1, there are six possible transitions to
the other six stages, j#i. Each transition may occur with a certain probabi-
lity, as specified by the transition rates, aj]i' This corresponds to the
transitions being generated by Poisson point processes (Snyder 1975:ch.2)
with the same rates. As soon as one of these six Poisson processes generates
a point, the corresponding transition, e.g., to stage k#i, occurs. Sleep now
resides in stage k and the process starts anew,

The simulation based on Poisson point processes runs as follows. We
start at time t at stage i. Six Poisson processes (with rates ajli) are
active and they are simulated simultaneously as follows. A random number
generator 1is used to obtain six independent variables, Xj’ that are uniformly
distributed in the interval [0,1]. A TJogarithmic transformation yields the
variables, —1n(xj), that are exponentially distributed. These would equal the
six waiting times, wjli’ for the first transitions to the six possible sta-
ges, j#i, 1if the Poisson processes were homogeneous with rates aj|i=1' The
correct waiting times for our inhomogeneous processes are obtained by a
transformation of the time axis. These are the times, wjli’ for which (Snyder

1975:ch.2)

t+W.l1.

fJ
t

aj'i(r)-dr = -1n(xj) (7)

After the shortest, wkli’ of these six waiting times, a transition at time
t+wk|i to stage k occurs. Thereafter, the simulation of the next transition

starts,
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Figure 5: Simulated hypnograms, based on (a)
constant whole group rates of table 1; (b) as a,
but with the five smoothed time-varying whole-
group rates of figure 3; (c) as b, but with the

hours -

three dindividual smoothed rates of figure 4,
subject AD. Note the absent, weak and comparable
(to the real hypnograms of figure 1) REM-NREM
periodicity in a, b and ¢, respectively.



Figure 5 shows three types of simulation. The first two merely serve as
a further illustration, besides figures 3 and 4, to the experienced
hypnogram-reader (others may use figure 1 as a reference) of the importance
of time-variability and individuality in the model. Simulations that neglect
these (f1'g.5a and 5b, respectively) can be seen, even at first glance, to
differ clearly from real hypnograms. Only the 'individual' simulations in
fig.5c show a nightly trend in the amount of slow-wave-sleep and a REM~NREM

periodicity comparable with real sleep.

I1.5. Discussion

The proposed model suggests transition rates, ajli’ as parameters that
characterize the sleep mechanism. The rates reflect the well known trends and
periodicities in sleep, as well as some interindividual differences. Simula-
tions resemble real hypnograms. The arguments (Yang and Hursch 1973) against
the model have been disproved. Therefore, the Markov model deserves recon-
sideration and this paper provides the methods for its specification, appli-
cation and simulation.

The transition rates in our simulations can have any time course and
they are set a priori and independent of each other, thus offering a very
large degree of freedom. In fact, 1if the estimation interval, A, becomes
infinitely small, the model will exactly reproduce the one hypnogram to which
it has been adapted. Validation of the Markov, and of any more complex, model
is therefore difficult, Although it may be possible to apply statistics indi-
vidually, based on many nights per subject, this would still account for only
some aspects, Therefore, simulated hypnograms should also be subjected to the
more comprehensive judgment of experienced sleep researchers,

The model can probably be simplified because the rates seem to be

generated by mechanisms that impose simple time courses (e.g. 32,1, a1|w and
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a3|2), interdependencies between rates (e.g. aR)Z’ aR|1 and a3]2 seem to be
synchronized to each other), or sleep dependencies. Such mechanisms are also
suggested by the deterministic sTeep models mentioned in the introduction. It
is possible to combine the Markov model and some deterministic models by
interpreting the deterministic models as mechanisms that generate the rates

for the Markov model, The result might be a model with few parameters that

still simulates most probabilistic and deterministic aspects of sleep.
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Résumé

Un processus de Markov a été proposé comme modéle pour le méchanisme
qui produit les phases de sommeil humaines. Une méthode a été introduite pour
1'estimation des paramétres du modéle, i.e, les probabilités de la transition
(taux) entres les phases du sommeil, et a été appliquée aux 95 hypnogrammes
chez 23 sujets. Les taux caractérisent des differences interindividuelles et
des variations nocturnes du mécanisme du sommeil, 1ié au nombre diminuant du
'sTow wave sleep' (vague lente de sommeil) dans le cours de la nuit, et 1la
périodicité REM-NREM. Le modéle simule les deux, le dynamisme probable, ainsi
que le dynamisme prédit sus-mentionné, mais seulement si ces taux indivi-

duels, variant en temps, sont appliqués.
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III. AN OPTIMAL MONITOR OF THE ELECTROENCEPHALOGRAPHIC SIGMA SLEEP STATE

B. Kemp, P. Jaspers, J.M. Franzen, A.J.M.W. Janssen,

Reproduced from Biological Cybernetics 1985, 51:263-270

Summary

A model has been proposed for a Markov-jumping sleep depth that modula-
tes a white~-noise driven structure geherating the sigma rhythm 1in the
electroencephalogram. The corresponding maximum Tikelihood monitor, that con-
tinuously detects the current sleep stage from the observed electroen-
cephalogram, has been derived and implemented. Simulations show high

detection performances.

III1.1. Introduction

The various stages of human sleep can be recognized by (a.o.) different
eye or body movements, muscle tension and several components of the
electroencephalogram (EEG)(Rechtschaffen and Kales 1968). One of the Tlatter
is the so-called sigma rhythm, a narrowband EEG component between 12 and 16Hz
at C3, Cz, and C4 electrode locations (Jasper 1958), which is specific for
1ight sleep (stage 2) and absent during wakefulness, drowsy sleep (stage 1)
and REM sleep. Most systems for automatic sleep stage scoring are, therefore,
partly based on sigma state monitoring.

A variety of sigma state monitors, based on several combinations of
different techniques 1like phase-locked 1loops, bandpass filters, squarers,
rectifiers, integrators, counters, percentage of time devices, Fourier trans-
forms, complex demodulators, etc, (Pivic et al 1982, Larsen and Walter 1970,
Gaillard and Blois 1981, Smith et al 1975, Broughton et al 1978, Johnson

1977, Vo-Ngoc et al 1971, Courtney and Noton 1972, Sciarretta and Bricolo
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1970, Campbell et al 1980) is currently available. A1l these devices suggest
their own definition of the sigma state; a definition with a technical rather
than a physiological background, It is, therefore, difficult to decide which
monitor is best (or sufficiently close) related to the 'real' physiological
sigma state of the brain (Kemp 1981), System performances can only be eva-
Tuated by comparing them to human scoring and, therefore, may be suboptimal
if the human decisions also are, Because the performance is likely to depend
on the sigma power and on the average sleep stage duration, and both may vary
considerably between different subjects, performance analyses are of limited
value and very laborious.

The problem: 'how to extract the sigma sleep state from the recorded
EEG', can also be approached using a precise, physiologically meaningful
mode’l of the sigma state parameter that has to be monitored, its relation to
the generated EEG and a goodness of performance criterion, Derivation of the
tikelihood ratio for the thus defined problem then provides the optimal moni-
tor for this parameter. Apparently this approach replaces the problem of
finding the right monitor by the problem of finding the right problem for-
mulation (a.o. EEG generator model), and therefore provides alternative
selection criteria. Furthermore, the performance of the monitor may be
established analytically or by simulations with the model. Also, reduced per-
formance due to incompatibilities with the model, e.qg. due to muscle or
electrode artifacts, can be estimated by simulations with a mismatched model.

This paper describes the development of a sigma state monitor by this
approach, its performance characteristics and some general conclusions with

respect to sleep stage scoring.

-25-



I1I.2. Problem formulation: a model

We have conformed to the common proposition that a limited number of
sleep stages exists and that during sleep discrete transitions between these
stages occur. In the present paper we are only interested in transitions bet-
ween sleep stages with and sleep stages without the electroencephalographic
sigma rhythm,

A suitable description of these transitions and their relation to the
EEG can be borrowed from a recently developed model of the alpha rhythm (Kemp
and Blom 1981). This model (fig.1a) is based on the assumptions that alpha
rhythms are oscillations which are caused by frequency dependent feedback
lToops, G(f), in noise driven cell networks. The feedback can be modulated by
external influences, p(t), like visual attention or sleep. The transfer of
cortical EEG to scalp EEG by volume conduction attenuates higher frequencies
more than Tlower ones. This is accounted for by the lowpass filter, L(f)
Simulations (fig.1b) show a waxing and waning (spindling) component when the
feedback is active [i.e. p(t)=1]. This component vanishes by feedback inhibi-
tion [i.e. p(t)=0].

These rather general physiological assumptions have been proposed for
the alpha rhythm (Lopes da Silva et al 1976), but may well also apply to the
sigma rhythm (Shouse and Sterman 1979, Sterman and Bowersox 1981). The model
accounts for the spindling character of the sigma rhythm. We have, therefore,
adopted figdre 1% as our EEG generator model, and the feedback modulator,

p(t)e{0,1}, as the sigma state that has to be monitored.
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dw(t)/dt du(t)/dt ST e(t)

p(t) s(t) [ G /\

a)

I N VN WA

b) 1 sec

Figure 1: a Block diagram of EEG, e(t), denerator model. Gaussian white
noise, dw(t)/dt, and Markov feedback modulator, p{(t). Second-order
resonance filter, G(f)=GO/[1+j-(f /B)-(f/fo—fo/f)]. First-order
lowpass filter, L(f)=L0/[1+j-(f/fc) . b Simulation of 'EEG', e(t),
before and after a feedback on-off [1.e. p(t)=1 to p(t):O] tran-
sition., The transition occurs at the vertical bar. Parameter set-
tings: Gg=0.8, B=4Hz, fp=14Hz, fs=1.8Hz.
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Very 1little 1is known about the statistical properties of this sigma
state. However, the sleep stage scoring guides which are used in clinical
practice (e.g. Rechtschaffen and Kales 1968) do not invalidate the assump-
tions that the duration of sigma-on and sigma-off stages 1is independent of
durations of preceding stages, and that the probability of a stage transition
is not influenced by the duration of the present stage. If we take these two
assumptions to be true, the transition probability densities (sigma state on-
off and off-on transitions) are constant and as a consequence the sigma-on
and sigma-off interval durations (T1 and TO, respectively) are mutually qinde-

pendent and exponentially distributed:

P{T1<t] = 1-exp(~t/T,) (1)
P{T0<t} = 1-exp(-t/T,) (2)

wheré P{.] denotes a probability. The average p(t)=1 (sigma~on) and p(t)=0
(sigma-off) dinterval durations are T1 and To, respectively. Thg transition
probability densities mentioned above are 1/T1 and 1/70, respectively,

These distributions have already been proposed by Zung et al (1965),
They approximate the distributions of real sleep stage durations (Williams et
al 1964, Yang and Hursch 1973, Brezinovad 1975). Some exémp]es are given in
figure 2. Although the approximation errors may be significant (Yang and
Hursch 1973), they are probably small compared to interindividual differen-
ces, the influence of sleep pathology or of the subjective scoring procedures
(e.g. fig.2). They may also be caused by group inhomogeneities, since the
average of different exponential distributions is not exponential., For these
reasons, and because it 1is attractive from a mathematical point of view, we
have adopted these exponential distributions as our sigma state generator

mode1.
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Figure 2: Distributions of durations, T, of sleep stage 2 intervals in
healthy young subjects, as derived from original data of Yang and
Hursch (e¢), Williams et al (x) and BPfezinovd (o). The two fitted
exponential distributions (solid 1lines) correspond to average
interval durations of 13 and 4 min. The (e) and (x) groups have
been scored by the same laboratory.

Based on this description of the sigma state, p(t), and its relation to
the EEG, e(t), the problem can be reformulated as follows: which monitor pro-
vides at all times, t, during the recording interval, {t,0<t<T}, the optimal

*
decision, p(t), on the current value of p(t), based on the full EEG realisa-
tion, E(0,T)={e(v),0€v<T}. As an optimization rule, we have adopted a Bayes

criterion (Van Trees 1979): e.g. the monitor should minimize the expected

false-decision rate.

]

II.3. Derivation of the sleep state monitor

First, we will show that the model of figure 1? s equivalent to a set
of two differential equations: one describing the process p(v) as a differen-
tial equation driven by a martingale process, and the other describing its
relationship to white noise observations. This description enables the use of
a known filter algorithm (Wonham 1965} for the derivation of the monitor. The

1

process u(v) of figure 12 can be reconstructed by inverse filtering by L '(f)
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and integration of the recorded EEG, e(v). From now on, u(v) is taken to be
the observed process. Because the feedback signal, s(v), can be reconstructed
by filtering e(v) by G(f)-L”1(f), it is a known signal. Therefore, figure
a

1% is equivalent to the following differential equation, that relates the

process p(v) to the observations:

du(v) = p(v)es(v)edv + dw(v) (3)

u(0) =0

where u(v) are the observations, s(v) is a known signal, w(v) is a standard
Wiener process [1.e.dw(v)/dv is white noise] and p{(v) 1is the sigma state to
be monitored. The process p(v) can be written [in correspondence to (1) and

(2)] as a binary Markov chain:

dp(v) = {1-p(v)}eday(v) - p(v)+da () (4)

p(o) ¢ {o0,1}

where q1(v) and qo(v) are mutually independent Poison counting processes
(Larson and Shubert 1979, Snyder 1975)., These processes are staircase func~
tions that are constant [i.e. dqi(v)=0] except for positive unit steps [1.e.
dqi(v)=1] that occur with constant probability densities (also called rates}),

1/1'1 and 1/TO, respectively. Equation (4) can be transformed into:

dp(») = {(1-p())/Ty-p(V)/T,) v + dn(v) (5)

p(0) e {0,1)

by substitution of:
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dn(v) = {1-p()}+{da,(v)-dv/ty} - p(v)-{da, (v)-dv/7 ] (6)

Because {dqo(u)—dv/ro} and [dq1(V)—dV/T1} are the increments of two centred
Poisson processes (Snyder 1975), the process m(v) is a martingale and (5) is
a martingale-driven differential equation. A nice introduction to martingales
has been given by Wong (1973). Any stochastic process, m(v), with conditional
expectation E{m(v)[m(t),7<s}=m(s) for all s<v, 1is a martingale. In (6), the
expectations of the increments, dqi(v), are precisely compensated by the
terms, dv/7.. Therefore E{dm(v)}=0 and m(v) is a martingale.

Having described the model by the differential equations (3) and (5),
we can now proceed to the derijvation of the optimal monitor. The optimal
decision, ;(t), on p{t) can be obtained from the set of observations,

U(o,T)={du(v),0€w<T}, by comparing the likelihood ratio (Van Trees 1979):
L(t) = f{u(o,T)|p(t)=1}/f{u(o,T)|p(t)=0} (7)

where f{.[.] are conditional probability densities, to a constant threshold,
K. This threshold depends on the optimality criterion and will be discussed
later. When L(t)>K the optimal decision 1is 'sigma state on', i.e. g(t)=1.
When L(t)<K it is 'sigma state off', i.e. S(t)=0. Later, we will use the

simple relationship (8) between L(t) and the conditional expectation,

p(t)=E{p(t)|U(0,T)}, wich can be derived by Bayes' theorem from (7):

[F{u(o,T),p(t)=t}/P{p(t)=1}] + [P{p(t)=0}/f{U(0,T),p(t)=0}]
[P{p(t)=0}/P{p(t)=1}]
[P{p(t)=1]u(o, Ty} /f{uco,T)}] « [flu(o,T)}/P{p(t)=0]uU(0,T)}]

-
—_
lad
~
L]

1

= (1g/74)+p()/{1-p (%)} (8)
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where P{.} denotes a probability, P{.|.} a conditional probability and f{.} a
probability density. The 1likelihood ratio can be factorized into a 'past'

observations part and a 'future' observations part as follows:

Ute, T (o, 1), pe)=1}-f{u(o,t) [p(t)=1} i}
U(t,T)[U(0,t),p(t)=0)-£{U(0,t)[p(t)=0]

n

f
L(t) =
because of the Markov property of p(v) and the independence of the
Wiener increments, dw(v), in (3)
f
.F

Ut, T) |p(t)=1}£{u(0,¢)|p(t)=1
u(t,T)[p(t)=0f+F{U(0,t)[p(t)=0

=L (t).L (t) (9)

where L+(t) is the 7Jikelihood ratio based on only 'future' observations,
U{t,T)={du(r),t<v<T} and where L (t) is the likelihood ratio based on only
"past' observations, U(0,t)={du(»v),0spv<t}.

Like in Kemp (19833) we will first concentrate on L (t) which, 1like
L(t) from (7) and (8), can be written as a function of the conditional expec-

tation, p (t)=E{p(t)|u(0,t)}:

L(t) = (tg/T)p (£)/{1-p (0} (10)

A differential equation to obtain the filtered estimate, p (t), has been
derived by Wonham (1965) with the condition that s(v) is non-anticipative
with respect to u(v) (see also Liptser and Shiryayev 1977). In order to
fulfill this condition, the increments, dw(v), 1in (3) should be interpreted
as It6-(forward-)differentials (see also Larson and Shubert 1979: ch.6). This
interpretation does not affect the dynamics of the model (Wong and Zakai

1965). The filter differential equation reads:
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dp”(v) = {[1-p"(")]/7-p" (v) /7 }ecv +
+5()ep () (1-p7 ()} {du(v)-p (¥)es(v)-dp} (11)

Driving this equation from v=0 to v=t yields p (t). Equations (11) and (10)
are theoretically sufficient for the recursive computation of L (t). However,
the proper physical implementation of (11) is obscured (Wonham 1965, Kailath
1969, Clements and Anderson 1973) because of the unknown behaviour of the
white-noise-containing last term, s(v)+p (V)e{1-p (v)}-{du(v)-p (v)es(v)-dv}.
The effects of discretizing the algorithm, limiting the frequency band and
high frequency deviations from the model are not quite clear. This difficulty
cah be met by a logarithmic transformation of L(t). For digital implemen-
tation reasons (sect.IIl.4) we have chosen a 21og transformation, yielding
the new variable, A{t), also called the test statistic for reasons to be

explained later:

M) = Ztog{L(t)} = Z10g{LT(t)} + Zlog(L*(t))
= AT(t) + At (t) (12)
where
A(t) = Prog{LT(6)) = Plog{(ry/ )67 (4)/[1-87(1)]}) (13)

The differential equation for the computation of A (t) can be derived from
(13) and (11). Because (11) is driven by white noise, this may not be done by
the ordinary chain rule for differentiation, but Ité's differentiation rule

(Larson and Shubert 1979, Kailath 1969) should be applied as follows:
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da"(v) = [8A7(v)/8p (V)] edp (V) +

2
+ 5[6% )/6p7 )] {s(w)ep (W) [1-p" ()]} 2 (14)

The partial derivatives can be obtained from (13):

I

507 (v)/6p7(v) = Zlog(e)/{p () [1-p" ()]} (14%)

) - 2
8°A (v}/8p (v)

t

Z1og(e) {25~ (w)-1)/{p" () + [1-p" (1) ]} 2 (14°)

Substitution 1in (14) of these derivatives and of dﬁ_(v) from (11) yields the

differential equation for A (t):

dn" () = Flog(e) - [[1/{ry+p" ())=1/{r,+ [1-p" ()]} ] vav +

+ 5(0){du()-p (W) s (V) edv) + XsZ(v)+{2p (»)-1}] v =

Z10g(e)- [[{27" (v)~1}/T1~{2A—(v)-1}/To]dv + s(w)du(v)-%s? (v)dv]

0 (15)

H

A (D)

"

Driving this equation from v=0 to v=t yields A (t). Figure 3 shows the imple-
mentation block diagram. It appears to be an integrator with exponential
feedback. The 1interpretation of the white noise containing driving term,

dc(v)=21og(e){s(v)du(v)~zsz(v)dv}, is now straightforward, From (3), we have:

de(v) = %10g(e)+{s(v) dw(v)+[p(v)-%] -s%(v)-dv)

Because dw(v) 1is an independent forward increment, the conditional expec-

tation of the driving term equals:

-34-



E{dc(v) |p(v)) = log(e){[p(») %] +s2(v) -av)

Therefore, the integrator will be driven to positive values during sigma-on
intervals [1.e. p(v):T] and to negative values during sigma-off dintervals
[i.e. p(v)=0]. The saturation effect, caused by the exponential feedback,
limits the time needed to react to a transition of p(v). Quite satisfactory,
this effect dncreases with increasing transition rates, 1/T1 and 1/T0. An
equivalent ‘'past' observations test has already been derived (Kemp and Blom

1981) by solving the discrete time analogue of the problem.

| s(t)du(t)
‘EsZ(t)dt

Figure 3: Implementation block diagram for the generation of the 'past'
observations test statistic, AT(t).

Because (5) may also be interpreted as a backward differential

equation, the transformed 'future' test statistic, A+(t), follows from

exactly the same differential equation:

+ +
2log(e) - [[{2™ W)1)/r 128 P)orj/rglav + s)duw)-%s? (v)av]

0 (16)

dat ()

iy

A (T)

except that this is a backward differential equation that has to be driven

from v=T ('future') to v=t ('present') 1in order to obtain A+(t).
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According to (9), summation of A (t) and A+(t) yields the desired test
statistic, A{t), from which the likelihood ratio, L{t), can be obtained. How-
ever, instead of comparing L(t) to the threshold, K, in order to obtain the
optimal decision, ;(t), a more direct procedure is to compare A(t)=zlog{L(t)}
directly to the transformed threshold, §=210g{K}. In other words, A(t) is a
sufficient statistic for testing whether p(t)=1 or p(t)=0. Generally, the

Bayes' threshold for minimizing expected 'costs' reads (Van Trees 1979):

K = (Cq)o/Cqq)Plp(t)=0}/P{p(t)7} =
= (Cq)0/Cp) 1)t (Tp/Ty) (17)

* *
where C and COI1 are the 'costs' of the false decisions, p(t)=1 and p(t)=0

1]0
, respectively. If we want to minimize the false decision rate (i.e.
C1|0=00,1), the transformed threshold equals:

£ = 2log{K = 21og{ro/r1} (18)

rate}
If we want to minimize the false decision percentages (i.e.C1|O/COI1=T1/TO),
this threshold equals:

2

& = “log{K = 0 (19)

perc}

I111.4. Implementation

We will not describe our implementation in full detail. However, a few
remarks can be made that will facilitate any particular application.

Because of the monitor's non-linear feedback (fig.3), the signal power
is important., The reconstructed signals should be amplified so that, during

sigma-off intervals (e.g. during drowsy sleep or wakefulness), the
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reconstructed observations, u(v), equal a standard Wiener process, i.e. its
derivative is white noise with two-sided power spectral density 1.

The resonance filter, G(f), which is required for the reconstruction of
s(v), 1is basically an LRC-circuit (fig.4) in which the inductance, L, has
been realized by gyrating a capacitance, C1. The gyrator consists of two
matched operational transconductance amplifiers (LM13700). Both transconduc-
tances, g, are linearly proportional to the bias current, ig. Therefore, the
resonance frequency, f0=1/(2nVTE)=g/(2nC1), can be tuned by a linear potentio
meter with a linear dial. The bandwidth, B=(1/R1+1/R2)/(2nc1), has been fixed

at 4Hz. The maximum gain, GO’ can be tuned linearly from 0 to 1 by the poten-

tiometer, R.

. Figure 4: Analogue realization of
ig Ry P the resonance filter, G(f). By
r=tnn the capacitor, C,, the circuit

also performs the inverse
filtering by L1(f).

r—
X
=
wi
~J
=1l
oL

The inverse filtering by L*1(f) in the signal path for reconstruction
of s(v) may be performed by analogue circuitry (e.g. by adding capacitor C?
in figure 4). The reconstruction of du(v), however, must be approximated in

discrete time as follows:

Au(p) = e(v).a + {e(v+a)-e(v)}/2nf, (20)

Using this implementation, it is not necessary to reconstruct the physically
not realizable white nhoise containing process du(v)/dv. Also, by the forward

time shift, A, the differences, Au(v), are forward differences with respect
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to s(v). They approximate the differentials, du(v), that were required to be
forward differentials in the derivation of (11). Only with this forward time
shift, does the discrete time approximation,

Ac(v)=21og(e){s(v)Au(u)—ksz(v)A}, behave Tlike the continuous time driving

term, dc(v), in the original equations (15) and (16), i.e.:
E{ac(v) [p()} = %log(e)+{[p(v)-%]-s2(v)-A)

Not implementing this shift will cause severe bias (Kemp 1983b).
By choosing a time step A=e1og(2)-2—63, the discrete time approxima-

tions of (15) and (16) are the simple difference equations:

anty = [{z'Ai‘“)—1}/r1~{2Ai(”)—1}/10]~2‘6 + Ac(v) (21)
Where ie{-,+] and the driving term:

te(v) = s(v)+e(v) 2 %{e(wea)-e(v)}+log(e)/(2nf ) -4s(v)+2"°) (22)

Because the a priori informatdions, Tgr Tqo and fc’ are rather crude estima-
tes, we may as well require Tor Ty and 21og(e)/(2nfc) to be powers of 2.
Now, one update, AAi(v), requires only bit sets, bit shifts, adding and one
multiplication.

The forward equation (21,1i=-) canh be updated on-line. The backward
equation (21,1i=+) requires storage of Ac(v) over de 'future' interval,
{t<w<T}. However, because of the exponential feedback, the length of this
interval may be limited to 54s, i.e. {t<v<t+64}, without noticeable perfor-

mance degrading.
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A1l digital operations can be performed in real time by a MC6801-based

microcomputer unit. The total parts costs of the (analogue and digital)

system (fig.5) are about US$400.-

Figure 5&: Realization of the
monhitor, showing continuous
control for tuning the signal
power and thumbwheels for setting
Gg, fo. Tg and Tq.

I11.5. Performance

A rather simple performance analysis (fig.6) can be carried out by
simulating a patient using our EEG generator model. Although the obtained
values wWill not be valid for real patients, some 1mportaﬁt qualitative

conclusions can be drawn.

X

p(t)

exponential | p(t) e(t) . PR =p(t))
model monitor compare f——— &

distribution F

Figure 6: Performance analysis system

The modulating process, p(t), has been simulated according to the
described exponential distributions (method in Snyder 1975:p.62) and fed to
the analogue model of figure 12, The output 'EEG', e(t), of the model 1is then

*
fed into the sigma state monitor that provides the optimal decision, p(t), on
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*
p(t). Comparing p(t) to p(t) over a period of 15h gives the probability of a
*
correct decision, P{p(t):p(t)}. For a 'difficult' patient' with a feedback
gain, G0=0.6, corresponding to very low sigma power, and with average inter-

val lengths, T =TO=64S, corresponding to rather many state transitions, this

1
probapility is 0.989. Most false decisions were made near interval boun-
daries. The results for other gains and interval lengths, including some in

which the monitor parameters differ from the model parameters, have been sum-

marized in table 1.

Model Monitor Performance
D e e et e R T

G, fo  To Ty | G fo To Ty | PlR(O)=p(t)]
X 0.60 12 G4 64 0.60 12 64 64 0.989
Matched 0.70 12 64 64 0.70 12 64 64 0,990
gains 0.30 12 64 64 0.30 12 64 64 0.947
0.20 12 64 64 0.20 12 64 64 0.891
0.10 12 _ 64 64 0.10 12 64 64 0.745
0.05 12 64 64 0.05 12 64 64 0.608
Matched 0.60 12 1 1 0.60 12 1 1 0.747
rates Q.60 12 4 4 0,60 12 4 4 0.873
0.60 12 16 16 0.60 12 16 16 0.958
0.60 12 256 256 0,60 12 256 256 0.997
Unmatched 0.10 12 64 - 64 0.60 12 64 64 0.501
gains 0.30 12 64 64 0.60 12 64 64 0.770
0.50 12 64 64 0.60 12 64 64 0.983
Unmatched 0.60 12 16 16 0.60 12 64 64 0.948
rates 0.60 12 16 64 0.60 12 64 64 0.980
0.60 12 64 16 0.60 12 64 64 0,975
0.60 12 256 256 0.60 12 64 64 0.997
Unmatched 0.60 8 64 64 0.60 12 64 64 0.502
frequen- 0.60 9 64 64 0.60 12 64 64 0.694
cies 0.60 10 64 64 0.60 12 64 64 0.973
0.60 16 64 64 0.60 12 64 64 0.535

Table 1: Performance for different (matched and unmatched) values of gain,
Gg. centre frequency, fo(Hz), and rates, 7q and Tg (s), of the model
and the detector. X values are standard settings, corresponding to a
'difficult' patient.
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I11.6. Discussion

Apparently it 1is possible to relate a model, that describes the most
conspicuous characteristics of the EEG and the sleep stages, to the one and
only optimal sleep stage monitor for that model. Therefore, optimizing the
model implies optimization of the monitor. For instance, if non-linearities
in the sigma rhythm generation can be simulated by a non-linearity 4in the
bandpass filter, G(f), this non-linearity should also be incorporated into
the monitor's G(f). Also, the exponential feedback of the 1integrator can be
optimized by tuning L and L to the real, possibly time-dependent statistics
of the sleep stages,

The driving correlator term, dc(v), of the integrator suggests that
power measures are more appropriate than amplitude (or envelope} measures. In
fact, the sometimes applied bandfilter-squarers come rather close, although
they generally have smaller bandwidths. The exponential feedback integrator
provides an answer to the segmentation problem that arises when using the
standard scoring rules (Rechtschaffen and Kales 1968) or methods like power
spectral analysis. On the one hand, segments should be short in order not to
miss small intervals, but on the other hand they should be long in order to
minimize variance. The optimal compromise appears to be the exponential feed-
back integrator. The decision threshold, K, provides the possibility of
obtaining different results for different problems 1ike minimizing the false-
decision rate vs. minimizing false-decision percentages.

For practical sleep stage scoring, some interesting conclusions can
already be drawn., Firstly, mathematics may create original and attractive
solutions to this old probiem, when applied to suitable models. Secondly, the
noisy character of the EEG and the jumping behaviour of the sleep stages do

not necessary abolish the possibility of obtaining 99% correct decisions. And

finally, monitoring performance is hardly degraded by the small mistunings of
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sigma power and sleep stage statistics that will inevitably occur in prac-

tice,
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IV. AN_OPTIMA

IONITOR OF THE RAPID-EYE-MOVEMENT BRAIN STATE

B. Kemp

Reproduced from Biological Cybernetics 1986, 54:133-139

Summary

A model has been proposed for the stochastic occurrence of bursts of
rapid eye movements (REMs) during sleep. REM-bursts are simulated by a
Poisson counting process with a rate that depends on a binary Markov 'sleep
state'. The corresponding maximum tikelihood detector, that continuously
monitors the current sleep state based on the observed REM-bursts, has been

derived and implemented. Simulations show 97% correct decisions.

IV.1. Introduction

The various stages of human sleep can be recognized by (a.o.) different
eye or body movements, muscle tension and several components of the
electroencephalogram (Rechtschaffen and Kales 1968). One of the former are
the rapid eye movements (REMs): fast rotations of the eyes which occur irre-
gularly, but almost exclusively during wakefulness and during one of the
sleep stages that 1is consequently called REM-sleep (Herman et al 1983,
Schiller 1984). Most systems for automatic sleep stage monitoring are, there-
fore, partly based on monitoring the 'REM-state' of the brain; that is the

state (either wakefulness or REM-sleep) during which REMs do occur.

+ 4 + +

Figure 1: Eye movement recording during REM-sleep. Note the two bursts of
Rapid~Eye-Movements (+).
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The eyes form strong dipoles. Their REMs occur abruptly and are much
faster than other eye movements which may also occur during other (NREM)
sleep stages (Herman et al 1983). Both eyes move simultaneously in the same
direction. REMs can, therefore, be detected fairly reliably, either visually
or automatically, from recordings using surface electrodes in the vicinity of
the eyes (e.g. Broughton 1982, McPartland and Kupfer 1978, Ktonas and Smith
1978, Toth 1971, Goldberg and Beiber 1979, Gopal and Haddad 1981, Kayed et al
1979, Smith 1978 and figure 1). However, because the time between successive
REMs during an uninterrupted REM brain state may amount to several minutes
(Jacobs et al 1971, Aserinsky 1971, Dement and Kleitman 1957), it is dif-
ficult to decide whether there has been a real interruption of the REM-state
by a NREM~state or whether REMs were accidentally not generated for some time
during an uninterrupted REM-state. Some type of temporal smoothing must pro-
vide the appropriate decision. For instance, the usually applied standard
sleep scoring rules state that any interval without REMs, but contiguous with
stage REM, should be classified as stage REM except when clear signs for
other stages do occur. It is not clear how many stage interruptions will thus
be ignored (Rechtschaffen and Kales 1968),

Because both the brain state and the REMs during the REM state seem to
be stochastic processes, an appropriate smoother should take into account
their statistical properties. Such a smoother can be developed by modelling
those processes and deriving the likelihood ratio for the problem 'state REM
or state NREM?'. Using this approach we recently developed a brain state
monitor based onh continuous electroencephalographic (EEG) observations (Kemp
et al 1985). It included an -integrator with exponential feedback as a
smoother that was based on brain state statistics. The integrator was driven
by the EEG. However, here we are dealing with REMs that are discontinuous

point observations. Therefore the same mathematics do not apply. It is not
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clear whether this type of integrator may be used and if so, how it should be

driven.

In this paper we propose a model for the REM observations and derive
the corresponding maximum 1likelihood monitor for the underlying brain state.
We describe its performance characteristics and some general implications for

sleep stage classification.

IV.2. Problem formulation: a model

Both the brain state and the REM generating mechanism will be for-
mulated in the form of differential equations that are driven by martingale
processes. This description enables the use of a known filter algorithm for
the derivation of the monitor.

We have conformed to the usual classification of sleep into a limited
number of stages., Little is known about the statistical properties of the
transitions between them. However, the sleep stage scoring guides that are
used in clinical practice (e.g. Rechtschaffen and Kales 1968) do not invali-
date the assumption that there is, at any moment, a fixed probability for the
occurrence of each possible transition. If we take this assumption to be
true, sleep stages are generated by a continuous time Markov chain process
(e.g Larson and Shubert 1979). This process has already been proposed as a
sleep stage generator model by Zung et al (1965) and its simulations show a
good resemblance to real sleep stage patterns (Kemp and Kamphuisen 1986). If
the process were homogeneous, 1i.e. with constant transition probabilities,
then the sojourn times (being the times between successive transitions,
during which sleep remains in the same stage) would be exponentially distri-
buted. These distributions indeed approximate those of real sleep stage
sojourn times (Williams et al 1964, Yang and Hursch 1973, Bfezinova 1975,

Kemp et al 1985). For these reasons, and because it 1is attractive from a
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mathematical point of view, we have adopted the Markov chain process as our
brain state generator model.

In the present paper we are interested onlty in the transitions between
REM states (many REMs) and NREM states (few or no REMs). We have therefore
simplified the Markov chain to a binary one, p(t)e{0,1), and REMs are
generated predominantly when p(t)=1. The sleep state generating mechanism
shows clear periodicities and trends that are different for different indivi-
duals (Kemp and Kamphuisen 1986). Since one generally does not dispose of
sufficiently reliable a priori information about these individual dynamics,
we have further simplified the binary Markov chain to one with constant tran-
sition rates, i.e. a homogeneous one. Another argument for this is that we
intend to use the monitor for the quantification of these dynamics and this
should not be biased by a priori assumptions. lLater, we will show that this
choice is not very critical for the performance of the monitor, The
corresponding homogeneous brain state generating differential equation reads

(Kemp et al 1985):

i

dp(8) = [1-p(8)]+da,(0)-p(0)-da,(6) =

{[1-p()]/7y-p(e)/ }do+[1-p(0)] [day (0)-do/7 ] -p(6) [da,-de/T,] =

1

{[1-p(6)]/74-p(0) /7 }dE + dm (0) (1)

p(0) € {0,1}

where q1(6) and qo(e) are mutually independent Poisson counting processes,
These processes are constant (i.e. dqi(6)=0) except for positive unit counts
(i.e. dqi(0)=1) that occur with rates 1/T1 and 1/70, respectively. Con-
sequently, m1(0) according to (1) 1is a martingale. The average sojourn times
in the REM state (p(6)=1) and the NREM state (p(0)=0) are T and T4 (about 20

min. and 60 min.), respectively.
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Although there 1is some correlation between REMs and activity in certain
neuroanatomically defined structures (Nelson et al 1983, McCarley et al 1983,
Friedman and Jones 1984, Alihanka et al 1975), the physiological mechanism
underlying their irregular appearance is not known, However, a phenomenologi-
cal model may be based upon the statistics of the waiting times between two
successive REMs. The REMs tend to occur in short bursts and several authors
(Spreng et al 1968, Aserinsky 1971, Jacobs et al 1971) have demonstrated two
groups of waiting times during the REM state, The first are intraburst times,
shorter than about 3 seconds. The other are interburst times, averaging about
1 minute. Because these rather long times between bursts within the REM state
are critical for REM state monitoring, they will form the basis for our
model, The same authors suggest the possibility of an exponentially distri-
buted waiting time, especially when intraburst times are omitted. They pre-
sent waiting time histograms that support this suggestion, Although they show
significant differences to this distribution, these may be caused by the
intra- and interindividual variability in REM density that is known to exist
(Feinberg et al 1967, Salzarulo 1972, Spiegel 1981). Therefore we have
adopted the Poisson counting process, n{6), that 1is suggested by these
distributions, as a reasonable first approximation of the REM-burst sta-
tistics. Each count, dn(0)=1, generates a REM-purst and the intercount inter-
vals are exponentially distributed. As in (1) we can write the REM-burst

counting process in the form of a martingale-driven differential equation:

dn(6) = r(6)«dg + dn(8)-r(6)~do
= r(6)+do + dm,(6) (2)
n(0) =0

where r(0) is the rate of the Poisson process, n{0), i.e. the density of the
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REM-bursts. Consequently, mz(e) is a martingale., During REM states (p(0)=1)

this rate equals r, (about 1/min). During NREM states (p(6)=0), the rate is

1
partly determined by false positive REM detections and equals ™o (about

,02/min). Or equivalently:
re) =ro+ (ry-rg)ep(o) (3)

Equation (1) describes the generation of the brain state, while (3) and
(2) describe the related generation of the observed REM-bursts, dn{@). Figure
2 shows a simulation by this model. Based on this description, the problem
can be reformulated as follows: find the monitor which provides at all times,
t, during the recording interval {t,0<t<T}, the optimal decision, ;(t), on
the current wvalue of p(t), based on the whole night observation,
N(0,T)={dn(@),0¢0<T}, of REM bursts, dn(6). As an optimization rule, we have
adopted a Bayes criterion (e.g. Van Trees 1979): the monitor should minimize

the expected false-decision rate.

Next page:

Figure 2: Monitoring the model during 10 'nights' of 8 hours, The upper,
middle and lower traces of each night show:
e : optimal decision is 'REM', when interrupted 'NREM'

([ Tl : 9 simulated REM-bursts, dn(t)

= ————— . gimulated brain state is 'REM', when interrupted 'NREM'
Parameters of both the model and the monitor: T1=20 min., Tg=60
min., rq=1/min., rg=.02/min. Note some incorrect classifications of
the REM-state (1) and the NREM-state (0).
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1v.3. Derivation of the REM state monitor
*
The optimal decision, p(t), on p(t) can be obtained from the set of ob-

servations, N(0,T), by comparing the likelihood ratio (Van Trees, 1979):
L(t) = £{N(0,T) [p(t)=1}/f{N(0,T)[p(t)=0] (4)
where f{.l.} are conditional probability densities, to a constant threshold,

K. K depends on the optimality criterion. We adopted the Bayes' threshold for

minimizing the expected false-decision rate, which reads (Kemp et al 1985):

= 5

K TO/T1 (5)

*
When L(t)>K the optimal decision is 'brain state REM', i.e. p(t)=1. When
*

L{(t)<K it is 'brain state NREM', i.e. p(t)=0. Using a similar reasoning as in
our earlier paper (Kemp et al 1985), but now using the Markov property of
p(8) and the mutual independency of the Poisson counts, dn(8), we may split

L(t) dinto a 'future observations' part and a 'past observations' part as

follows:

L(t) = {L7()} (L (t)) (6)
and again:

L (e) = (st (/11407 (0] e, +) (1)

where the expectations, based on 'past' and 'future' observations are:
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1

B (t) = E{p(t)|{dn(6),0g0<t}}

p(t)

)

E{p(t)]{dn(),t<o<T}} (8)

We will first concentrate on the 'past observations' likelihood ratio,
L (t), that is a function of B (t) according to (7). A differential equation
to obtain p (t) has been derived by Van Schuppen (1977:theorem 4.2), see also

Segall et al (1975), Vaca and Snyder (1978) and Snyder (1975). It reads:

dp (0) = {[1-p" ()] /7y ~ p (8)/7,}d0 + (9)

(ry=ro)+p (0)-[1-p"(6)] -
N - ~{dn(0)-[ro+(r -ro)p (6)] -do]
r0+(r1—r0)'ﬁ (6)

Driving (9) from 6=0 to 6=t yields p (t). The dnitial condition, p (0),
depends on experimental conditions. For instance, if we are rather sure that
the monitor +is started during wakefulness, ﬁ“(0)=1. Equations (9) and (7) are
sufficient for the recursive computation of L (t). However, the number of
required multiplications can be reduced and the algorithm can be interpreted
more clearly by the application of a logarithmic transformation. For nota-
tional simplicity we will use the 1n rather than the 21og from our earlier

paper (Kemp et al 1985), The transformed variable equals:

At) = In{Lty} = LT pm{Lt o)) = AT+ () (10)

where, according to (7):

AT(E)= In{(ro/r)ep (8)/[1-p7(0)]) (1)
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The differential equation for the computation of A (t) can be obtained from
(11) and (9). However, because (9) is driven by discontinuous counts, this
may not be done by the ordinary chain rule for differentiation, nor by Ité's
differentiation rule, but the Itd/Doléans-Dade/Meyer differentiation rule
that accounts for these discontinuities (Van Schuppen 1977, Boel et al 1975,
Vaca and Snyder 1978, Segall et al 1975, Segall 1976) must be applied as

follows:

dr"(0) = [sA7(0)/8p” (0)] w{dp (6)] + a{r"(8)}-dn(6) (12)
where 6./6. denotes a partial derivative, w{dp (0)} denotes the continuous
part (i.e. dn(6)=0) of df (8) in (9) and A{A (6)] denotes the discontinuous
jump in AT(@) that is caused by a count, dn(6)=1. According to (11), this

jump equals:

a{a ()} = In{(ry/7)-[p (0)+a{p (0)}]/[1-p (0)-a{p (&)}]} -
- In{(rg/7y)+p (0)/[1-p7(0)]} (13)

where A{p (8)] denotes the jump in p (0) that is caused by a count, dn(8)=1.

According to (9), this jump equals:
8{p (0)} = (r-r)ep (0)-[1-p7(0)] / {rg+(r -ry)ep (0)] (14)
Substitution of (14) in (13) shows that:
AA(9)]) = In(r /rg) (18)

The partial derivative in (12) can be obtained from (11):
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sAT(0)/8p7(8) = 1/{p (8)« [1-p (0)]} (16)

Substitution of (15), (16) and the continuous part, w{dp (8)}, of (9) in (12)

yields the differential equation for A (t):

dA(0)={ e (9)—1]/71—[eA (9)-1]/10}d9 + In(r /e )edn(0)=(r -r )do  (17)
Driving (17) from 6=0 to 6=t yields A (t). The initial condition, A" (0) is a

function (11) of p (0), which depends on the state of the subject when the

monitor is started.

et =17y |
dn(t) |In(r,/rg)dn| dc(t) A 2 A
—(l'1—l'o)dt N vlj/
€ * 1), P

Figure 3: Block diagram of the exponential feedback integrator that generates
the 'past observations' test statistic, A~(t), if driven by the
observed REM-bursts, dn(t).

Figure 3 shows a block diagram of the algorithm., 1t appears to be an

integrator with exponential feedback that is driven by:

dc(8) = In(r,/ry)+dn(6) - (r,-rg)-do (18)
The 1interpretation of this driving term is simple. Assume r1>r0. Between REM-
bursts, i.e. dn(9)=0, the integrator will be driven to negative values while
REM-bursts kick it to more positive values. According to (2) and (3), the

conditional expectation:
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E{dn(0)[p(e)} = {rg+(r -rq)ep(6)}-de (19)
which impties that the conditional expectation of the driving term equals:

E{dc(0)Ip(o)} = {{ro+(r -ro)ep(o)}-In(r /ro) = (ry-ry)}edo

s ot /e PO ngr /e ) wr /e +1)edo (20)
AL /7o) T/

error f?’ Be & for e for et
¢

COf rac i in itecto @%[Cgég
)

=
ot
S
Q.
ES Figure 4: Relationship between
?; the conditional expectation,
S E(dc(t)|p(t)}, of the driving
Ej term, dec(t), and the REM-rate
ratio, ry/rg. Note that, for any
ratio, the sign of the expec-
Q)dt- tation directly corresponds to
plt).
0 = 4 4
V4 \\ r1/ro
/ N
dtl! \‘\
.4b t"' N
| ~\\
| p(t)=0 N
I N

Figure 4 shows the behaviour of this term for different values of (rj/ro) and
of p(8). Apparently, the integrator is, on average, driven to positive values
during REM-states (i.e. p(6)=1) and to negative values during NREM-states
(i.e. p(8)=0)., The saturation effect that is caused by the exponential feed-
back Timits the time needed to react to a transition of p(8). Quite satisfac-
tory, this effect increases with increasing transition rates.

Because (1) and (2) may also describe the system in the backward time

direction, provided we invert the sign of the Poisson counts, dn(8), and of
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the time increments, d6, the transformed 'future' test statistic, A+(t)
follows from the corresponding differential equation:

AT (o)

+
(o) = ([ )y - [ O a]yr ) f-ao) +

+In(r,/ry)-{-dn(8)}-(r,-r )« {-do) (21)

except that this is a backward differential equation that has to be driven
from 6=T ('future') to 6=t ('present’') and consequentiy by non-positive
counts, dn{8), and time increments, d@, in order to obtain A+(t). The initial
condition, A+(T), is a function of ﬁ+(T) and depends on the state of the sub-
ject at the end of the registration.

Because the likelihood ratio is a function of A (t) and A+(t):

L(t) = ENCIONES! (22)
the problem 1is now solved. However, although (17) and (21) enable one to
understand and provide a plausible interpretation of the algorithm, it can be
transformed into a computationally more efficient form. By substitution of
(22), both the forward equation (17, 1i=-) and the backward equation (21, 1i=+)

can be written as a differential equation for L;(0):

) . 2 . .
du’(e) = {[1—L’(e)]/r1 -] (e)—L‘(O)]/TO - L’(e).[r1-ro]}.{-1-da} +

+ Li(9)-1n(r1/r0)-{—i-dn(0)} ief-,+) (23)

Between counts, i.e. dn(8)=0, this is a separable first order differential
equation with the analytical solution which allows direct computation of

L) from Li(9):
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oyt Loyt )] - o, [o,-L (9] e’ {9700/

[o,-U @] = loy-ti)] e’

Loy = (4-0)/a

where ie{-,+} and i($-6)>0. The constants are p1=z{~b+/c}, 92=%{‘D~Vc}, and
2 . .,

a——TO/Vc, where b—TO/T1—1+TO'(I1—FO) and c=b +4T0/r1. According to (17) and

(21) a count adds 1n(r1/ro) to A’(a). Therefore, according to (22), a count

causes L1(9) to be multiplied by r1/r0:

L (o+de) = Li(g).(r1/ro)—i-dn(e)

(25)

We computed L (t) forward (starting at 6=0) and L+(t) backward (starting at
6=T) with a time resolution of 1s, according to (24) between counts and
according to (25) at counts. Multiplication according to (6) yields the like-
1ihood ratio, L(t), that was compared to the threshold, K, in order to obtain

*
the optimal decision, p(t), on p(t).

IV.4. Performance

A rather simple performance analysis was carried out by simulations
using our REM-burst generating model. Although the obtained values are not
necessarily valid for real sleep, some interesting qualitative conclusions
can be drawn,

Both the brain state process, p(t), and the corresponding observations,
dn(t), have been simulated according to (1), (2) and (3) and the
corresponding exponential distributions (method 4n Snyder 1975:p.62). The
resulting observations of 100 'nights' of 8 hours, all starting in the awake
state, were then fed into the monitor that provides the decision, ;(t), oh

p(t). We used initial conditions:
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L (0) = » (i.e. the largest number our computer could handle)

LTy =1 (26)

that can be derived by (7) from the initial estimates:

ﬁ-(O) = 1 , because the monitor starts in the awake state.
p*(T) = Efp(e)} = 1 /(T¥Ty) (27)
, assuming that the stationary situation has been reached at
‘ the end of the night.

monitor parameters mode 1 performance

T _To o parameters | P(1]1) P(0]0) P(i]i)
10 30 .5 .04 749 . 9563 .899
20 60 1 .02 . 949 . 985 .975
40 120 2 .0 . 990 . 997 . 995
20 60 1 .02 T1=4 .769 . 989 .974
20 860 1 .02 Tp=12 . 9563 . 897 .931
20 60 1 .02 ri=.2 .170 .998 L1173
20 60 1 .02 ro=.1 . 9563 .932 .938
20 60 1 .02 T1=100 .983 .984 .983
20 60 1 .02 T0=300 .953 . 997 .993
20 60 1 .02 ri1=5 .999 L971 . 979
20 60 1 .02 ro=.004 .937 .992 .978

Table 1. Performance of the monitor for different sojourn times, 71 and 7¢
(minutes), and rates, rq and rg ((min)~1). Model parameters are
listed only if they differ from the corresponding monitor parame-
ters. P(1]1), P(0]0) and P(i]i) are the probabilities of correct
classification of the REM-state, the NREM-state and the state,
respectively. Note that sojourn times, differing by a factor & from
the standard values of figure 2, hardly decrease performance.
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An example is given in figure 2. By comparing S(t) to p(t) during the 800
hour simulation, the probability of a correct decision, P{ﬁ(t):p(t)}, was es-
timated. For an ‘'average patient', having REM rates r1=1/minute and
r0=.02/m1nute and average sojourn times TO=60 minutes and 11:20 minutes, this
probability is 97%.

The results for other rates and sojourn times, including some in which

the model parameters differ from the monitor parameters, have been summarized

in table 1.

Iv.5. Discussion

As in our earlier paper (Kemp et al 1985), the optimal temporal
smoother appears to be an integrator with exponential feedback that depends
only on the brain state statistics, To and Ty Because we are now dealing
with discontinuous point instead of continuous observations, the driving term
is different. It 1is a rather unexpected, but effective (fig.4) function of
the REM-burst rates o and rye

For practical sleep stage scoring we conclude that, using mathematical
models, original and attractive solutions may be created for the processing
of both continuous and discontinuous observations. In particular, the expo-
nential feedback integrator might prove to be a simple and effective alter-
native to the usually applied segmentation of sleep recordings into short,
stationary, intervals. Also, the rather erratic statistical behaviour of the
REM-bursts and of the brain state does not necessarily abolish the possibi-
1ity of obtaining 97% correct decisions. And finally, monitoring performance

is hardly degraded by the small mistunings of these statistics which will

inevitably occur in practice (table 1).
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Summary

Stochastic models are proposed for sieep and for the sleep related
electroencephalogram (EEG), electrooculogram (EOG) and electromyogram (EMG).
The evolution of sleep through its various stages is described as a Markov
chain, The EEG 1is modelled using Wiener processes. The EOG and EMG are
modelled as combinations of Poisson point processes and Gaussian processes,
respectively. The EEG models contain a feedback structure that is based on
physiological data. The maximum likelihood sleep stage monitor, that uses the
sleep-related observations, has been derived and implemented. The agreement
between automatic and human stage classifications of six sleep recordings was
70.6%, which was 4.5% worse than the average agreement between six human
classifiers, Monitoring of simulated sleep suggests that the difficulty in
separating wakefulness from stage 1 is due to poor modelling. If one ignores
this difference, which, from a diaghostic point of view is fairly unimpor-
tant, the above mentioned agreement reaches 81.8%, which is 0.5% better than

the corresponding average human vs human agreement.

V.1. Introduction

In the course of a night human sleep travels through various stages.
These stages correspond to (a.o.) typical characteristics of the electrical
activity of the brain, eye movements and muscle tension ({Rechtschaffen and
Kales 1968), Sleep classification (fig.1) is therefore generally performed by

screening the recorded electroencephalogram (EEG), electrooculogram (EOG) and
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electromyogram (EMG) signals for these characteristics. If carried out in
this way, visual reading and subjective analysis of a whole-night record take
about 5 hours. Usually, different human classifiers obtain rather incon-

sistent results (Johnson 1977, Monroe 1969}).

| ] o o L ™™

=

sleep stage

2 . -

2 T A

4
| i ] —1 J i l | ]
! 1 1 1 1 T 1 T 1
0 1 2 3 4 5 6 hours 7 8

Figure 1: Classification of one night's sleep into stages Wakefulness, Rem,
1, 2, 3 and 4.

Automatic sleep stage monitoring (Smith et al 1978 (overview), Lim and
Winters 1980, Gath and Bar-On 1980, Inoue et al 1982, Hoffmann et al 1984,
Chouvet et al 1980, Hermann and Kubicki 1984, Johnson 1977, Broughton et al
1979, Jansen et al 1980, Lacroix and Stanus 1985, Kumar 1977, Hasan 1983,
Hasan 1985 (review), Campbell and Wilkinson 1981, Martens et al 1982, Smith
1986) 1is objective and less laborious. However, +in the studies available, the
agreement between automatic and human classifications 1is smaller than the
agreement between human observers (Johnson 1977, Lacroix and Stanus 198531b).
This suggests that automatic procedures may still be improved. Automatic
systems have grown increasingly complex, so much so that they have hardly
been reported in sufficient detail to allow reproduction and interpretation.
In all systems, some Boolean matrix or decision tree 1is applied to prelimi-
nary decisions on isolated EEG, EOG and EMG characteristics, 1like the pre-
sence or absence of an alpha rhythm in the EEG. No systematic approach to the
optimal design of such a tree exists. This use of intermediate decisions in

the process of obtaining one final decision considerably reduces the infor-
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mation from the original signals and is therefore a suboptimal procedure
(Woodward 1953:ch.3.7). We have shown (Kemp et al 1985, Kemp 1986) that ori-
ginal and rather simple signal processors can be derived, using likelihood
ratios, from models of sleep and some of the sleep-related signals. Because
the models are partly based on physiological data, the results may be more
closely related to physiological reality than the commonly applied methods
like Fourier analysis or ARMA filtering, that are imported from technical
environments. The 1likelihood ratio method will, by definition, combine the
various EEG, E£0G and EMG characteristics in such a way that no information is
lost.

These arguments have led us to develop a comprehensive model of sieep
and sleep-related EEG, EOG, and EMG observations. The maximum-1ikelihood
sleep stage monitor that corresponds to this model will be derived. Its per-
formance on both simulated (by the model) and on real sleep will be

demonstrated.

V.2. Problem formulation: the model

In this section, we propose models for sleep itself and for the sleep-
related EEG, EO0G, and EMG signals. The problem of how to monitor sleep using
these observed signals will then be formulated 1in terms of the model.

We will restrict our observation models to the sigma-, alpha-, and
delta-rhythms in the EEG, the very rapid and the very slow eye-movements
(REMs and SEMs, respectively) in the EOG and finally the submental muscle
tone that can be obtained from the EMG. This choice 1is based on our
experience that these signal characteristics show a similar sleep dependency
in most subjects and can be detected fairly reliably. Most investigators,
involved in automatic sleep stage monitoring apply these characteristics. In

some cases, theta- or beta-rhythms, K-complexes, vertex sharp waves, sawtooth
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waves, etc, are also considered. The models and the mathematical derivations
in this paper can be generalized to include such features,

We conform to the common proposition 1in sleep research (e.g.
Rechtschaffen and Kales 1968) that in the time, t, course of a night, 0<t<T,
the sleep state, h(t), that is to be monitored, can be classified into a set,
s={W,R,1,2,3,4,} of H=6 stages; Wakefulness, Rem-sleep and the sleep stages
1, 2, 3, and 4. The transitions between these stages occur in unpredictable
directions and at random points in time (fig.1). Recently (Kemp and
Kamphuisen 1986), we proposed a model that accounts for most deterministic
and statistical aspects of sleep stage patterns. It is an inhomageneous,
continuous-time, Markov chain (e.g. Larson and Shubert 1979:ch.3.3). Such a

model is characterized by time-varying transition rates,

_ Tim

51508 = soglPin(e+a)=jln(t)=1}/6] i#] i,jes (M

a

where P{.|.] denotes a conditional probability. The time dependencies of
various rates reflect the well known periodicities and trends in sleep, that
are different for each individual. The Markov chain 1is asymmetric in the
state space, 1i.e. the rates between different stages differ because some
transitions occur more frequently and some sleep stages last Tlonger than
others. However, reliable a priori information about these individual dyna-
mics and asymmetries 1is generally not available, particularly when sleep
pathology is involved, Therefore, for our present purpose, we simplify the
model to a homogeneous and symmetric, continuous-time Markov chain, i.e. with

constant and equal transition rates:

ajli(t) = a iz i,jes (2)
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Another argument for this simplification is our intention to use the monitor
for quantification of these dynamics and asymmetries; thus, this quan-
tification should not be biased by a priori assumptions.

It is possiblie to derive continuous-time sleep state monitors, that are
optimal for such modeis (Kemp and Jaspers 1984, Kemp et al 1985, Kemp 1986).
However, the derivations were based on nonlinear filters that are not yet
available for our case in which both continuous signals and point processes
are observed., Also, the monitor must eventuaily be implemented on a digital
computer and compared to the human classification that is based on segmen-
tation in 30s epochs. Approximation in discrete time with interval, D (e.g.
D=30s), is therefore necessary. This approximation may cause severe subop-
timalities, e.g. instability (Clements and Anderson 1973). Having to accept
this Timited time resolution, we may as well reformulate the problem in
discrete time, i.e. only the sleep state samples, h(nD), where n denotes the
sample number, have to be monitored. We assume that the EEG, EOG and EMG
generating mechanisms are modulated by these samples only. In this way, the
sleep-dependencies are updated at the sample times, nD, whereas during the
intervals, [nD,nD+D), they remain constant. Besides the Timited time resolu-
tion, D, no other suboptimalities are to be expected.

The homogeneous Markov property of h(t) implies (e.g. Larson and Shu-
bert 1979:ex.3.3.3) that the samples, h(nD), form a discrete-time Markov

chain with transition probabilities:

A = P{h(nD+D)=j|h(nD)=1} = P{h(nD)=j|h(nD+D)=i} = {1~exp(-H-a+D)}/H

i#] i,jes (3)

For the remainder of this article we will assume n=0,1,2,..,N-1 unless spe-

cified otherwise.
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V.2.2. EEG_observations

We have proposed continuous-time generator models (fig.2) for both the
alpha rhythm (Kemp and Blom 1981) and the sigma rhythm (Kemp et al 1985),
These models are based on the assumptions that these rhythms originate from
white-noise-driven feedback structures in which the frequency-selective feed-
back may be inhibited by ‘external’ influences 1ike sleep. These assumptions
are supported by physiological and histological observations on sigma-

(Shouse and Sterman 1979, Sterman and Bowersox 1981), alpha~ (e.g. Lopes da

Silva et al 1976, Andersen et al 1966) and delta- (Corner 1984) rhythms,

fs fa fo

90 sg(t) . + . G4

9a sq(t) . Gg

g5 ss(t)

dw(t)/de \ du(t)/dt \ | e(t)

Figure 2: White noise (dw(t)/dt) driven structure with o—, a— and 6— feedback,
responsible for the corresponding components in the EEG, e(t). The
transfer functions of the analogue 11near filters are bandpasses,
Gl f)=1/[1+]+ (fg/B)+ (F/Fo-Fa/F)], Gy (f) =1/[1+5 (F /B) (f/fq- fa/f)]
and lowpasses, Gg(f)= 1/[1+J (f/f@)] L{f)=1/]1+]+ (f/fc) The
centre frequencies, fgs and f,, are tuned (using power spectra1 ana-
lysis) to the centre frequencies of the subjects o- and o-rhythm,
respectively. The bandwidths are B=3.5Hz and the cut-off frequen-
cies are fg=1.9Hz and fg=1.8Hz. L(f) simulates the volume conduc-
tion from cortical to scalp EEG. The feedback gains, g (i) depend
on the sleep stage, 1 (see table 1),
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According to this model (fig.2) we can replace the scalp EEG obser-
vations, e(t), by the cortical EEG observations, du(t), since these can be
reconstructed from e(t) by the inverse, L=1(f), of the volume conduction

filter and vice versa. From figure 2 we obtain the observations equation:

du(t) = gu(h(nD)).sa(t)-dt+ga(h(nD))-sa(t)-dt+g5(h(nD))-sa(t)-dt+dw(t)

nD<t<nD+D (4)

where w(t) is the standard Wiener process (i.e. dw(t)/dt is standard Gaussian
white noise), the feedback signals, s'(t) can be obtained on-line (by
filtering by G'(f), assuming the initial state of the feedback filter is
known) from du(t). Finite conduction velocities always cause small time
delays in physiological systems. Thereby the increment, dw(t), is independent
of the feedback sighals, S.(t)' Accordingly, the increments, dw(t) and du(t),
should be dinterpreted as forward increments with respect to s‘(t). In this
way, the independence property is maintained in the model,

The feedback gains, g‘(.), are modulated by the samples, h(nD), of the
sleep process, h(t). Sigma rhythms are present mainly at fronto-central loca-
tions and alpha rhythms mainly at the back of the skuil, e.g. on Fpz-Cz and
Pz-0z electrode Tlocations (Jasper 1958), respectively. We have, therefore,
modelled +two corresponding observations, duF(t) and duB(t), in  which
ga(h(nD))=0 and ga(h(nD))=0, respectively. Because the Tow-frequency com-
ponent, ga(h(nD)vsa(t)-dt, of duF(t) will be considerably disturbed by eye
blinks, the monitor should not use it. Therefore, in duF(t), we set

ga(h(nD))=O. The resulting two EEG models are (with nD<t<nD+D):

duF(t)

9y (h(nD))es (t)+dt + duc(t) (5)

duB(t) ga(h(nD))-Sa(t)-dt + ga(h(nD))-sa(t)-dt + de(t) (6)
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V.2.3. Eye movement observations

A varijety of EOG preprocessors for the detection of REM-bursts and SEMs
have been described (e.g. McPartland and Kupfer 1978, Ktonas and Smith 1978,
Toth 1971, Goldberg and Beiber 1979, Gopal and Haddad 1981, Kayed et al 1979,

a,b, Smith 1978). We recorded the horizontal eye move-

Lacroix and Stanus 1985
ments using electrodes placed at the outer canthus of each eye, REM-bursts
and SEMs were detected from this EOG using bandpass and lowpass filtering,
respectively. Recently (Kemp 1986), we proposed a model that describes the
statistics of the detected REM-bursts. It 1is a Poisson counting process,

uR(t), with sleep~dependent rate. Each count, duR(t)=1, corresponds to a REM-

burst and between REM-bursts duR(t)zo. In short:

uR(t) is a Poisson-process with rate, rR(h(nD)) nD<€1: <nD+D (7)
Because short intervals between successive SEMs occur more frequently
than Jlonger ones, we propose another sleep-dependent Poisson counting

process, us(t), for the SEMs:
uS(t) is a Poisson process with rate, rs(h(nD)) nD<t<nD+D (8)

Each count, duS(t)=1, corresponds to a detected SEM and between SEMs
dus(t)=0.

V.2.4, EMG observations

Several methods of measuring the muscle tone from the recorded EMé have
been reported (e.g. Inoue et al 1982, Othmer and Othmer 1980, Hasan11983,
Lacroix and Stanus 19853). We have adopted the commonly applied rectifieation
and averaging of the submental EMG during segments, d=1s. The resu1ting

discrete-time observations, uM(md) with md=0,d,2d,...,ND-d, are assumed to be
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mutually conditionally (on h(nD)) independent because the bandwidth of the
EMG 1is much larger than 1Hz. Histograms (fig.3) support our assumption that
the probability law of uM(md) may be approximated by a linear combination of
two Gaussian distributions, at least in our (low-tone) region of interest., We
also know by experience (see also Rechtschaffen and Kales 1968) that muscle
tone during REM-sleep is low, except for short (about )% to 3s) twitches that
seem to occur at random points in time. We therefore assume that the samples,
uM(md), are selected mutually independently and with sleep-dependent probabi-
lity, qM(h(nD)), from the high-tone Gaussian N(u1,0$) distribution. The pro-

bability for the low-tone N(uo,og) distribution is, of course, (1—qM(h(nD))).

For example, during wakefulness, muscle tone is always high, i.e. (W)=1.

Ay

300
]

200-L

1004

v

0
0.2

Figure 3: Whole-record (2%h) histogram of the muscle tone uy(md), in the two
subjects (HS and HC) of the learning set (see section V.4). Note that both
subjects show both peaks, Hg and My in the low-tone region.

-68-




Summarizing:
2 20 .
uy(md) are {1—qM(h(nD))}-N(u0,oo) + qy(h(nD)) +N(n,,07) distributed  (9)

in which nD&md<nD+D. The parameters, Mo and Hyo must be adapted to the sub-
ject by detecting the two peaks in the histogram of figure 3. In all subjects
we chose 0=0 =My g
V.2.5. Problem formulation

The modeis (5)-(9) describe the mechanisms by which the observations
are influenced by the sleep stages, Because the observed signals arise from
different brain structures, we assume them to be mutually independent except
for the common modulation of some parameters by h{(nD). The sleep-dependency

of these parameters can be summarized in the form of a sleep characteristics

matrix {(table 1),

observations characteristics

[ 9g(i) 9o (1) gs(i)  rp(i) re(i) am{i)
" Wi .2 T .40 1.0 1.2 1,
o
© R 2 LT .40 1.0 1.2 .2
+
" 11 .2 T .40 .05 6.0 1.
5- 21 .5 .5 .60 .05 1.2 1.
o 3| .5 .5 .85 .05 1.2 1.
@ 4l .5 .5 .98 .05 1.2 1.

Table 1: Typical sleep characteristics matrix, describing the rela-
tionship between the sleep stage, i, and the sleep dependent
sigma-, alpha-, and delta-feedback gains g4{i), gg(i) and gasi)
in the €EG, the rapid- and slow-eye-movement rates ({(min™'),
rr(i) and rg(i), in the EOG and the high-muscle-tone probability,
amq(i) of the EMG.
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Based on this description (fig.4) of the sleep stage, h(nbD)eS, and its
relationship to the observations, the problem can be formulated as follows,
Which monitor provides at any discrete time, nD, during the recording interval,
0<t<ND, the optimal decision, ﬁ(nD), based on the full observations realiza-

tion, U{0,ND}, consisting of the X=b5 scalar observations (5)~(9):

[ UF(O,ND)M i duc(t) , OSt<ND
UB(O,ND) duB(t) , OSt<ND
U{0,ND) = Up(0,ND) | = dup(t) , O<t<ND (10}
US(O,ND) dus(t) , O<it<ND
L UM(O,ND)J B uM(md) , md=0,d,2d,..ND~d_

Note that a decision at time, nD, is valid during the interval, [nD,nD+D). As an
optimization rule, we have adopted the maximum a posteriori probability cri-

terjon (e.g. Van Trees 1979).

}———— — fronto-central EEG with ¢
dup(t)

EEG
(Wiener)
| duB(t)  ccipita) EEG with a, &
| rapid-eye-movement bursts
dup(t)
sleep h(nD) EOG
(Markov) (Poisson) .
dug(t)
| ~©' ° slow eye movements
| o) EMG | um(md)  puscle tone with twitches

(Gauss)

Figure 4: Abstract model of sleep and sleep-related observations.
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V.3. Derivation of the optimal monitor
*
The decision, h(nD)=j, that 1is most probably correct, is the one that

maximizes (over i¢S) the conditional a posteriori stage probability:
p.(nD) = P{h(nD)=1]|U(0,ND)} (11)

The probability that this decision 1is correct equals pj(nD). Because the
Markov chain is homogeneous (in time and 1in space) with H states, the a

priori probabilities are:
P{h(nD)=i} = 1/H (12)

Throughout this section we will assume 1ieS. Using (11), (12) and Bayes'
rule we can write pi(nD) as a function of conditional probability densities,

f{.|.], of the observations as follows:

p;(nD) = p (nD)/ ) p,(nD) = f (nD)/ } f(nD) (13)
jes jes

in which . (nD) = £{U(0,ND)|h(nD)=i] (13%)

which implies that maximizing pi(nD) is equivalent to maximizing (also
over 1e€S) the full observations probability density, or likelihood, fi(nD).
These H densities can be factorized into a 'past', 'present' and 'future'

observations part, respectively:

fi(nD) = f;(nD)-f?(nD)-f:(nD) , in which (14)
£5(nD) = £{u(0,nD)|h(nD)=1} (14%)
£9(nD) = £{u(nD,nD+D)|U(0,nD) ,h(nD)=1i} (14°)
f:(nD) = f{U(nD+D,ND) |U(0,nD+D),h(nD)=1} (14%)
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The past observations parts, f;(nD), can be computed by a recursive equation

that is driven by f?(nD) as follows (n=1,2,...,N-1):

f;(no) = £f{U(0,nD)|h(nD)=i) =

= ¥ [P{h(nD-D)=j|h(nD)=i}+F{u(0,nD)|h{nD)=i,h(nD-D)=j}] =

Jjes
= ¥ [P{h(n0o-D)=j|h(nD)=i}«F{u(0,nD)|h(nD-D)=j}] =
jes
= Y [P{h(nD-D)=j|h(nD)=4}+f  (nD-D)+f3(nD-D)] =
. J J
jes
= A-{ ¥ [£3(nD-D)+%(nD-D)]} + {1-(H-1)+A}+f. (nD-D)+f(nD-D) =
j#i 9 J ! !
= A<{ Y [f(nD-D)+£S(nD-D)]} + {1-HA}+f(nD~D)+£S(nD-D) (15)
jes I J k !

with inital values f;(0)=1. A similar recursive equation for the 'future’ ob-
, + . , . .
servations parts, fi(nD), runs in the backward time direction as follows

(n=0,1,2,...,N-2):

f:(nD) = £{U(nD+D,ND) |U(0,nD+D) ,h(nD)=1} =

= Y [P{h(nD+D)=j]U(0,nD+D), h(nD)=1}-
jes
«f{U(nD+D,ND) JU(0,nD+D) h(nD)=1,h(nD+D)=j}] =

=Y [P{h(n0+D)=j|h(nD)=i}+F{U(nD+D,ND)|U(0,nD+D), h(nD+D)=j}]
jes

= Y [P{h(nD+D)=3]h(nD)=i}+f" (nD+D)+£S(nD+D)] =
jes J J

A{ Y [f;(nD+D)-f3(nD+D)]} + {1-(H-1)A}-f:(nD+D)of?(nD+D) =
j#i

1

Ae{ ¥ [£5(nD+D)+£2(nD+D)]} + {1-HA} £ (nD+D)+£S(nD+D) (16)
jes J J ! 1

with initial values f:(ND—D)=1.
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Apparently, the full observations probability density fi(nD) can be
computed using (14}, (15) and (16) from the sequence of present observations
probability densities, f?(nD). The latter are functions, (14b), of the obser-
vations vector, U(nD,nD+D), that consists of the five scalar observations,
Ux(nD,nD+D) with xex={F,B,R,S,M}, as described in (10). Because these are
mutually conditionally (on h{(nD) and the 'past' observations) independent,
each vector observations probability density, f?(nD), can be factorized into

X=56 scalar observations probability densities as follows:

f?(nD) = I f? (nD) , in which (17)
xex '

f?,x(nD) = £{u, (nD,nD+D) |U_(0,nD),h(nD)=1} (17%

The probability densities, f?’x(nD), equal likelihoods that have been derived
in the Tliterature mentioned below, except for a proportionality factor that
does not depend on i, Because this factor is the same in both numerator and
denominator of (13), it may, and will, be neglected.

According to the EEG observations models (5) and (6), f?,F(nD) and
f?’B(nD) then are likelihoods for random signals 1in white Gaussian noise.

They read (e.g. Larson and Shubert 1979:ex.4.5.1, Kailath 1969):

£ £(nD) = exp{fz; L(t)edu (t) - szf,F(t)-dt} (18)

£5 g(nD) = exp{fz; () dug(t) - kfzle(t)-dt} (19)

in which the random signals are:

g, (i)es,(t) (18%)

z; gt

z; glt) = g (i)es (¥) + gg(i)-s,(t) (19%)
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The feedback signals, s.(t), can be reconstructed by causal filtering
(section 2.2) of the observations, du'(t). Thus, ailthough the feedback
signals are not known a priori, they eventually appear as a priori conditions
(see also eq. (17a)) in the sufficient EEG-statistics, i.e. in the sequence
of 'present' EEG likelihoods. Apparently, they can be assumed to be a priori
known signals in the formulation of the problem as we did in our earlier
article (Kemp et al 1985), based on intuitive reasoning.

All 1integrals in (18)-(21) are over the the interval [nD,nD+D).

According to the EOG observations models (6) and (7), f?,R(nD) and
f?ls(nD) are likelihoods for the rates, rR(i) and rs(i), of the Poisson coun-
ting processes, uR(t) and us(t), respectively. They read (e.g. Snyder

1975:ex.2.5,2, Davis and Andreadakis 1977):

f?’R(nD) = exp{in[rp(i)]+fdup (£) - rp(i)+fdt) (20)
f?ls(nD) = exp{In[rg(1)]+[dug(t) - rg(i)-[dt} (21)

in which fduR(t) and fdus(t) are, according to (7) and (8), the number of
observed REM-bursts and SEMs in the interval [nD,nD+D), respectively. Of
course, [dt=D,

The 1ikelihood, f? (nD), follows directly from the conditional

M

Gaussian distributions of the EMG observations, uM(md). It reads:

o nD+D-d
fi,M(nD) = I

f[1~qM(1')]'eXp{-[UM(md)-uo]z/Zog}/ao +
md=nD

+ qM(i)-exp{-[uM(md)-u1]2/20f}/01l (22)

A1l likelihoods, f? X(nD), that are required in (17) can be computed directly

from the observations using (18)-(22).
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Figure 6: Block diagram of sleep stage monitor.

From left to right: vector of 'present' observations; computation
of 'present' scalar observations likelihoods of sieep stage 1;
multiplication of these yields the 'present' observations Tikeli-
hood for sleep stage 1; smoothing with feedback of all (i.e. for
all stages) thus computed 'present' Tikelihoods yields all 'past'
and 'future' 1likelihoods; multiplication of these with the 'pre-
sent' Tlikelihoods provides all full observations likelihoods (shown
for stage t only); the optimal stage decision 1is the one that
corresponds to the largest Tikelihood, f;(nD).

The lower part of the figure shows the main propositions underlying
each step.

The algorithm behaves as follows (see aliso figure 5). During a par-
ticular sleep stage, h(nD)=j, the observations models, (5)-(9), tend to
generate observations, UX(nD,nD+D), that fit the corresponding scalar obser-
vations probability densities, f?lx(nD). For such observations, f?lx(nD) is
maximal for i=j (1i,jeS). According to (17) and (14), the same holds for the
'present' 1ikelihood, fj(nD), and the 'full' likelihood, fj(nD).However, (14)

shows that this tendency may be overruled if 'past' or 'future' likelihoods,
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f;(nD) or f:(nD), clearly indicate another sleep stage, 1i#j. According to
(15) and (16) this can only be the case for small transition probabilities,
A, and 'past' or 'future' observations that strongly favour stage i. The
recursive equations (15) and (16) also show that observations further away
from the decision time, nD, are less powerfull in maximizing any particular

"past' or 'future' likelihood, f;(nD) or f:(nD), at time, nD,

V.4. Implementation, artifact rejection and parameter learning

The algorithms (14)-(22) that compute the 1likelihoods fi(nD),
from the observations, U(O,ND), have been implemented on a minicom-
puter. The continuous time +integrals 1in (18) and (19) were approximated in

discrete time with an interval, A=0.01s, as follows:

nD+D nD+D-A KA+A
[z, (t)edu (t) = ) {z, (ka)+ [ du (t)} =
t=pDd ' kA=nD . t=ka
nD+D-A
= 3z, (ka)e[u (kavd)-u (ka)]} =
kA=nD e : ’
nD+D-A
= 3 {zi (ka)+Au (ka)} {23)
kA=nD e '
nD+D 2 nD+D-A 2
z5 (t)edt = ) z% (kA)eA (24)
t=nD " kA=nD "

The forward increments, Au (kA), can be reconstructed (based on the model of
fig.2) from the EEG, e(t), either by an analogue circuit, or (as we did) by

digital approximation as follows:

Au (KA) = e(ka)A + {e(kA+A)—e(kA)}/2nfc (25)
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The sampling interval, A, should not be much larger than 0,01s, because the
frequency band of s'(t), in particular So(t)' may extend to about 20Hz. Nor
should it be much smaller, because of the increasing risk of violating the
white noise assumption 1in the model, which will affect the independence bet-
ween s.(kA) and the dincrements, Aw(kA):Au_(kA)—zh,.(kA)-A, of the Wiener pro-
cesses, and thus cause bias (Kemp 1983b). For the same reason, no anti-
aliasing filters should be applied.

For the final tuning of the monitor, we obtained sleep recordings (EEG,
EOG and EMG) of one healthy female and one male patient, suffering from Hun-
tington's Chorea, both aged 45. Using standard techniques, the recordings
were made in the morning, following a night of sleep deprivation, and lasted
2%h. No prior knowledge of the subjects' sleep or sleep-related signals was
available, No prior epoch selection or artifact rejection was applied. Sleep
stage classification was performed (fig.6) with a time resolution, D=30s,
both by 6 human specialists according to standard classification rules

(Rechtschaffen and Kales 1968) and by the monitor.
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— 4 s — —+— ;
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Figure 6: Sleep stage classifications of the Jlearning set. Left: healthy
female. Right: male patient. Upper: six human classifications
superimposed, Lower: automatic classification.
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The epochs of 30s in which all specialists disagreed with the monitor
were considered to be misclassifications by the monitor. Many of these were
caused by various EEG artifacts (i.e. differences between the real EEGs and
the corresponding models). A nice way to cope with this would be to extend
the models in such a way that they take artifacts into account. However, the
resulting complexity would considerably reduce the interpretability of the
models and the classification algorithms., We, therefore, adopted a simpler,
more pragmatic approach, Because many artifacts do not last much longer than
1s, we first factorized the 'present' EEG Tikelihoods (18) and (19) into 1s

segments as follows:

o nD+D-d o
fi F(nD) = I fi o(md) ,in which: (26)
! md=nD !
o md+d md+d 2 2 a
fi gmd) = exp{ [ gy (1) es (1) +du (t)-% / go(i)-so(t)-dt} (26%)
! t=md t=md
and:
) nbD-d o o
fig(nd) = 1 [fi g (M) F s(md) o f aa(md)] ,in which: (27)
! md=nD ! ! !
o md+d md+d 2 2 a
fi gimd) = exp{ [ gy (1) es, (t)edug(t)-% / ga(i)osa(t)-dt} (27%)
! t=md t=md
o md+d md+d 2 2 b
i s(md) = exp{ [ g (i)es (t)edug(t)-k% [ gg(i)esy(t)-dt} (277)
! t=md t=md
o md+d c
fi qs(md)= exp{ [ d—ga(i)~ga(i)-sa(t)-ss(t)-dt} (277)
! t=m

Although clear and moderate alpha rhythms are typical for stage W and
for stages R and 1, respectively, they are sometimes completely inhibited by
altertness during stage W, Also many subjects show no alpha rhythm at all in
stage W, but do occasionally in stages 1 and R. Alpha-like activity may even

be present in stages 3 and 4 (Hauri and Hawkins 1973, Scheuler et al 1983).
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Delta waves show similar inconsistencies. Although they are typical for stage
2, delta waves are generally not present during the early parts of stage 2.
Because of these inconsistencies, alpha and delta waves caused considerable
misclassifications via their contributions to (19), i.e. (27). The misclassi-~
fications caused by alpha-like activity combined with delta waves in stages 3
and 4 could be avoided by setting f?,aé(md)=1' The misciassifications (into

stage 2) caused by occasionally low alpha powers during stages W, R and/or 1,
were avoided by setting a lower Timit to the corresponding alpha contribution

as follows:
(o] [s] o] .
f5 q(md) = max[fj,a(md),lea(md)] je{w,Rr, 1} (28)

The misclassifications (into stage W) caused by occasional absence of Tow-
frequency activity 1in stage 2 were avoided by a similar low limit for the

corresponding delta contribution:
o o o
fy g(md) = max[lea(md),fwlé(md)] (29)

The contributions of the sigma rhythm to the exponents of (18) and (26)
can be driven to excessively large negative values due to ‘high—frequency
muscle activity in the vicinity of the frontal EEG electrode. The resulting
misclassifications can be avoided by setting a Jlow 1limit for the sigma

contribution as follows:

[a} [} [} .
fjla(md) = max[fjla(md),C_SSDofwla(md)] jel2,3,4 } (30)
in which €_.. = exp{—2nB+d/4-3V2nB+d/2) (30%)
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These artifacts are often accompanied by body movements that cause low fre-

quency electrode artifacts and thus large positive delta contributions,

o
fi,ﬁ(md)'

Therefore, during such intervals, i.e. when the Tow limit (30) was

reached, we set the following upper 1imit for the delta contributions:

f?la(md) = min[f?la(md),fgla(md)] je{z,é,a} (31)
human automatic
W R 1 2 3 4 W R 1 2 3 4
W 13.8 0.0 1.9 0.7 0.0 0.0 15.6 0.0 0.4 0.4 0.0 0.0
R 0.0 2.7 0.5 0.8 0.0 0.0 0.1 3.3 0.0 0.5 0.1 0.0
; 1 1.9 0.5 7.1 3.3 0.0 0.0 6.6 0.6 2.9 2.6 0.1 0.0
: 2 0.7 0.8 3.3 48.7 2.1 0.0 3.4 0.9 0.5 48.5 2,2 0.0
< 3 6.0 0.0 0.0 2.1 8.4 0.4 6.0 0.0 0.0 1,0 9.6 0.3
4 0.0 0.0 0.0 0.0 0.4 0.1 0.0 0.0 0,0 0.0 0.4 0.1
Figure 7: Comparability matrices of the learning set. An element in row i and

column j denotes the percentage of 30s epochs classified as stage 1
by a human and as stage j by another human (left matrix) or by the
automatic (right matrix) classifier. The human vs human com-
parabilities (left matrix) are estimated by averaging the percen-
tages over all (30) possible pairs of human classifiers, The human
vs automatic comparabilities (right matrix) are estimated by
averaging over the (6) possible pairs of a human with the automatic
classifier. Note the overclassification into Wakefulnhess by the
automatic classifier.

The transition rate, a=1/30s"1, and the parameters in the sleep charac-

teristics matrix of table 1 have been found by trial and error. The goal was

to maximize the average agreement, which 1is the average (over the six human

classifiers) percentage of time (i.e. of the 2% hours) during which the moni-

tor and the classifier agree in their classification. The final average

agreements were 84.0% and 75.7% for the healthy subject and the patient,
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respectively. The corresponding average {(over the 30=5x6 possible pairs out
of the 6 human classifiers) agreements between human classifiers were 82.8%
and 78.8%, respectively. When averaged over the two subjects, the human-human
and human-automatic agreement percentages were 80.8 and 79.9, respectively.
These percentages are the sums of the diagonal elements of the comparability

matrices of figure 7.

V.5. Performance

Sleep recordings, classifications (fig.8), and comparabilities (fig.9)
were obtained from a test set by the same methods as applied to the learning
set, The test set consisted of three healthy males (aged 32, 34 and 47) and
two male and one female patient suffering from Huntington's Chorea (aged 28,
47 and 48). The average human-automatic agreements were 75.4% for the healthy
subjects and 65.9% for the patients group. The corresponding human-human
agreements were 77.3% and 72.9%, respectively. When averaged over the full
test set, the human-automatic and human-human agreements were 70.6% and
75.1%, respectively.
human automatic

W R 1 2 3 4 W R 1 2 3 4

W |34.7 0.1 3.1 1.7 0.0 0.0 37.9 0.0 1.3 0.5 0.0 0.0
R 0.7 1.8 0.4 0.6 0.0 0.0 0.2 1.6 0.2 0.9 0.0 0.0
1 3.1 0.4 7.1 3.4 0.0 0.0 10.0 0.3 1.3 2.5 0.0 0.0

2 1.7 0.6 3.4 27.6 2.9 0.0 6.8 0.8 0.2 27.1 1.4 0.1

human

3 0.0 0.0 0.0 2.9 3.8 0.2 0.0 0.0 0.0 4.1 2.8 0.0

4 0.0 0.0 0.0 0.0 0.2 0.0 0.0 0.0 0.0 0.0 0.2 0.0

Figure 9: Average (over the test set and the 30 possible pairs of human
classifiers) human-human, and average (over the test set and all
(6) possible pairs of humans vs the automatic classifier) human-
automatic comparability matrices.
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We also computed comparability matrices individually for each subject.
The individual average agreement percentages, i.e. the sum of the diagonal
elements of these individual comparability matrices, are depicted in table 2.
Rather consistent (over the learning and test set) automatic misclassifica-
tions into stage Wakefulness originated from not using the information from
theta activity (during stage 1) and the "alpha-drop" that sometimes accom-
panies the transition from wakefulness to stage 1. Because the difference
between W and 1 is not too important from a diagnhostic point of view, we also
computed the agreement percentages when this difference was ignhored (table
2). In this way, the average (over the full test set) human-automatic and
human-human agreements reached 81.8% and 81.3%, respectively.

Although this comparability analysis shows how close the automatic and
human classifications of the test set are, it does not show how close either
of them 1is to real sleep. An indication of the performance that can be
achieved if the sleep-related observations really behave like our models, is
obtained as follows. We simulated the continuous-time Markov sleep process,
h(t), with individual time-varying rates (Kemp and Kamphuisen 1986: fig.5c,
stage M neglected). The resulting 'hypnograms' closely resemble real ones of
a healthy young subject. We also simulated the observations models (5-9), and
modulated them every second by h(t). The simulated observations were fed into
the monitor and the resulting automatic sleep classification (resolution 30s)
was compared, with a time resolution of 1s, to the simulated hypnogram. From
ten 'nights' of 8 hours this resulted in the average comparability matrix of

figure 10.
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W =1
human aut-hum automatic human aut-hum automatic

.?15 HS | 82.8 1.2 84.0 84,2 2.0 86.2
cwn
§ HC | 78.8 ~3.1 76.17 84.8 2.1 86.9

HS | 74.9 -5,2 69.7 78.9 -4.17 74.2

HS | 78.6 -3.7 74.9 82,0 1.9 83.9
: HS | 78.4 3.1 81.5 81.2 4.6 85.8
! HC | 95.7 -7.5 88.2 97.5 -3.1 94.4
: HC | 562.6 9.3 61.9 72.0 10.9 82.9
3 HC | 70.3 -22.8 47.5 76.1 -6.3 69.8

AV [ 75.1 -4.5 70.6 81.3 0.5 81.8

Table 2: Average agreement (%) between humans (first column) and between
human and automatic (third column) sleep classification for each
subject of the learning set and test set, The fourth and sixth
columns show the agreements if Wakefulness and stage 1 are taken to
be the same stage. The second and fifth column show the differences
between automatic vs human and human vs human agreements. HC:
patient, HS: healthy subject;, AV: average over the test set,

classdification

W R 1 2 3 4

W 3.7 0.0 0.3 0.0 0.0 0.0

R 0.4 21,2 0.2 0.0 0.0 0.0

1 3.1 0.1 5.1 0.2 0.0-0.0

2 1.3 0.1 0.5 48.2 0.1 0.0

3 0.0 0.0 0.0 4.6 4,3 0.2

simulation

4 0.0 0.0 0.0 1.8 2.4 2.1

Figure 10: Average (over ten simulated 'nights') comparability matrix of simu-
lated.versus automatically classified sleep stages., Agreement 84.6%
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V.6. Discussion

The optimal monitor consists of preprocessors for each sleep-related
signal component (e.g. sigma-rhythm, REMs etc.). These preprocessors each
compute a sequence of corresponding probability densities. They are followed
by smoothing operations with feedback, (14)-(17), that combine these den-
sities 1in such a way that the clearest +information is weighed heaviest. For
instance large, clear sigma spindles dominate an accidentally occurring rapid
eye movement, resulting in a stage 2, 3 or 4 decision. Also clear information
from 'past! or 'future' dominates doubtful 'present' information. This proce-
dure mimics the human procedure and strongly contrasts with the commonly
applied technique of taking intermediate decisions on sigma-presence etc. The
latter does not account for the reliability of the various subdecisions. The
smoother operates similarly to the 'BAMPS-algorithm' (Haralick 1983), which
however does not account for the causal feedback in the EEG model. A stightly
different algorithm, similar to the Viterbi-algorithm (Haralick 1983), bhas
been applied recently to EEG only (lLacroix and Stanus 19856’b, Lacroix 1985),
but it does not properly account for 'future'observations,

Only a few automatic methods have been compared to the standardized
(Rechtschaffen and Kales 1968) human classification (Martin et al 1972,
Lacroix and Stanus 1985a'b, Hasan 1983, Hasan 1985 (review), Johnson 1977),
resulting in human-automatic agreements ranging from 65% to 86% for normal
and from 63% to 75% for disturbed sleep. The average agreements for our
healthy subjects and patients (as derived from the test set in table 2), i.e,
75.4% and 65,9%, are within these ranges. However, sleep disturbances, arti-
facts and 'difficult' or 'easy' sleep-related signals (e.g. with unclear or
clear sigma rhythm) will considerably influence both the human-automatic and

the human-human agreement, In order to decide whether the automatic method is

a feasible alternative to the human procedure, it is therefore more
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appropriate to compare these two agreements to each other. So far, this has
only been done 1in two studies (Martin et al 1972, Lacroix and Stanus
19853’b), resulting in human-human agreements that were in both cases 8%
better than the corresponding human-automatic agreements of 81% and 86%,
respectively. In our group, this difference is only 4.5%.

The monitor performs better on simulated than on real stage 1, The dif-
ficulty 1in separating stages W and 1 1is probably due to poor modelling and
may be partly caused by unrealistic assumptions (e.g. about the difference in
alpha activity and slow eye movements between these two stages, or about the
duration of sleep stages being a multiple of 30s) already underlying the
standard classification rules (Herrmann and Kubicki 1984, Hasan 1983, Moli-
nari et al 1984). This difficulty is shared with many other systems (Johnson
1977, Herrmann and Kubicki 1984 (overviews)). If we ignhore the difference
between stages W and 1, which for diagnostic purposes, is fairly unimportant,
our human-automatic agreement rises to 81.8% (table 2), which is slightly
(0.5%) better than the corresponding human-human agreement,

Figure 9 shows that the most prominent difference between human classi-
fication and the monitor is due to automatic classification into Wakefulness
of epochs that are considered as stage 1 or 2 by specialists. Inspection of
these epochs showed, that these are partly characterized by theta activity
and K~complexes, features that were not yet included in the model. Therefore,
it may be useful to extend the monitor with Tikelihoods that are based on
models of these features.

The basic advantages of the weighing algorithm, the fact that the
first practical results already seem better than those described for other
methods, and the possibility of further dmprovements suggest that the
model-based approach of developing a sleep stage monitor is sound.

However, evaluation on a Tlarger test set, whole-night recordings and dif-
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ferent age- and patient-groups must be performed before we can rely on the
method in clinical studies.

Disagreement between computer and specialist does not 1imply that the
automatic procedure 1is wrong; in particular the human capability of
recognizing sigma rhythm seems worse than that of some automatic methods
(Gaillard and Blois 1981, Oumermuth et al 1972). A closer relationship to
'real', physiological sleep may be obtained via more physiological models
or better time resolution D, The theoretical framework in this paper allows
any time resolution and is of sufficient generality to include more or dif-
ferent observations models. However, a strong limitation remains the doubt-
ful, although generally applied, assumption of synchronous discontinuous
transitions of all sleep characteristics (Rechtschaffen and Kales 1968, Moli-

nari et al 1984, Parmeggiani et al 1985, Gath and Bar-0On 1983).
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VI.MISCELLANEOUS RESULTS

This chapter briefly describes some parallel results that may find
application in related fields. It should be read in connection with the pre-
ceding chapters. The references are not the result of a thorough 1literature

search.

VI.1. Estimation of the feedback gain of EEG rhythm generators

Based on the model of figure 1 in chapter III, we have a discretized

observations equation (4=0,01s):
Au(t) = p(t)es(t)-A + Aw(t) (1)

where the 'forward' Wiener process increments, Aw(t)=w(t+A)-w(t) are indepen-
dent of the feedback signal, s(t). We assume that the time~dependent feedback
gain, p(t), shows the same time course in a number, n, of mutually indepen-
dent experiments, ‘indexed 1.

Then the maximum 1ikelihood estimator of the feedback gain reads:
n no,
pt) = § {s,(t)eau (t)}/ ] {s5(t)-a) (2)
i=1 i=1

This method has been applied to estimate, from n experiments, the flash-
evoked attenuation of the feedback gain of the alpha rhythm generator in
healthy volunteers (Kemp 1983b). In this way, the latency from the flash to
the first sign of attenuation could be computed with a time resolution of
5ms. A1l other methods reported in the literature had resolutions >50ms. At
that time, we applied 'backward' dincrements, Aw{t)=w(t)-w(t-A), that were
dependent on s(t). This results 1in considerable bias in equation (2). For

instance, simulations with a gain, p(t)=0, resulted in an estimate, p(t)=1.
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(The bias correction heavily relied on the correctness of model assumptions.)
New simulations (fig.1) and also practical applications, now using forward
increments, Au(t), show a considerably reduced bias, Anti-aliasing filters

must not be applied since these cause bias (fig.1) for the same reason.

Figure 1: Estimate (vertical axis), p(t), of a-
feedback gain from simulated EEG observations. The
simulations are made using the model of figure 1 in
chapter III, with a feedback gain, p(t), that
switches after 2.5 minutes from 0.00 to 0.85. Upper
® and lower trace are with and without anti-aliasing
0 filtering (50Hz, 24dB/oct), respectively.

0 min 5

VI.2. Dissociation and continuous variation of sleep characteristics

Based on the likelihoods, f? p(md) with pe{o,a,&,M} and ieS, as defined

a,b and 22), we define sigma-, alpha-, delta~-,

in chapter V (formulas 263, 27
and EMG-indicators by their log-Tikelihood ratios, 1n{fE,p(md)/f?’p(md)},
with time resolution, D=d=1s. The feedback gains, g‘(k) and g.(1), and the
muscle twitch probabilities, qM(k) and qM(1), are the highest and the lowest
values from table 1 of chapter V, respectively, Each rapid and slow eye move-
ment (REM and SEM) detected is dindicated by a vertical bar.

Figure 2 shows that low muscle tone is reached (i.e. the EMG-indicator
drops to its lowest level) a few minutes before stage REM is entered. The &-
indicator reflects the well-known gradual increase in §-power which was seen
in all subjects who reached stage 3. These two examples ‘illustrate the
desynchronization and non-jumping behaviour of some sleep-related variables

as was already discussed in chapters I and V. The log-likelihood ratios offer

a tool to study these in conjunction with automatic sleep classification.
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Figure 2: From upper to lower trace: sigma-, alpha-, delta-, REM-, SEM- and
EMG-indicator and human consensus sleep classification for a sub-
ject of the learning set.

VI.3. Alpha-delta sleep

Power spectral analyses (fig.3) of two EEG sqignals demonstrated the
presence of an alpha-like component (frequency about 10Hz), mainly at fron-
to-central, but also spreading to occipital regions of the head, during sleep
stages 3 and 4 in some subjects. This confirms the results of Hauri and
Hawkins (1973) and of Scheuler et al (1983). Apparently, we can only be sure

of the absence of alpha-like activity during sleep stage 2.
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Sequential (one per minute) power spectral analyses of pariéto-
occipital (Pz-0z, left column) and fronto-central (Fpz-Cz, middle
column) regions of the scalp of the same subject as in figure 2.
Frequency (f)-dependent Vpower calibration: 20/V{f«(f+10)}uv/VHz per
vertical division. Right column: human consensus sleep classifica-
tion. Note the pariéto-occipital 10Hz alpha rhythm during Wake-
fulness and the fronto-central 14Hz sigma rhythm during stages 2, 3
and 4. Note also the fronto-central 10Hz rhythm during stages 3 and
4,
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VI,.4. Ambulatory cassette recordings

As was already put forward in chapter I, major costs in sleep research
are due to the hospitalization for the purpose of recording the EEG etc.
during the night. In addition to obvious general problems, such hospitaliza-
tion also influences the sleeping system, the sleep disorder and hence the
diagnosis,

It has recently become possible to acquire the required signals at the
patients home, unsupervised, and transmit them by radio telemetry (license
required) and/or telephone line (expensive) to the Taboratory. Another possi-
bility is by direct recording on a 'Walkman-like' cassette recorder which the
patient carries on a belt (Stefan and Burr 1982, Campbell and Wilkinson 1981,
Riley and Peterson 1983, Sewitch and Kupfer 1985, De Groen et al 1985,
Koffler and Gotman 1985, Jayakar et al 1985). For reasons of time and costs
we chose the latter approach, based upon a commercially available system that
was already present in our laboratory, It can recoéd 25 hours of 4 analogue
signals, each with a bandwidth thét we extended to 0,5-100Hz and a signal-to-
noise ratio of 35dB on a standard audio cassette.

The two EEG signals and one horizontal EOG signal that are required for
sleep stage monitoring are recorded directly. We built in a multiplexer with
4 input channels that drives the remaining recorder channel (fig.4). The
input channels are each samplied with 1Hz and are used for event marker, body
temperature (accuracy 0.1°C), respiration (air flow), and muscle tone. The
latter is obtained by smoothing the rectified high-frequency component of the
EMG. In this way the limited bandwidth of the cassette recorder (which is
even more limited in the commercially available 8-channel recorder) poses no
problem. The multiplexer is crystal-controlled; therefore, triggering the AD-
converter by the demultiplexer results in accurate (+ 15s per 24h) real-time

analysis, independent of tape speed.

~-92-




@

Figure 4: Ambulatory cassette recorder with built-in multiplexer and event
marker. Connected are ground wire and head-on preamplifiers (lower
left) for EEG (2x) and EOG, rectal body temperature probe (upper
right), thermistorcombination for oral-nasal respiration air flow
(right) and head-on amplifier with electrodes for the submental EMG
(lower right). Not shown are the 1 ground-, 6 EEG- and 2 EOG-
electrodes and also the belt by which the recorder can be carried.

Five recorders are now available in our department and in the Depart-
ment of Physiology. Since 1985, about 100 nights (e.g. fig.5) have been
recorded at the patients homes. Because the recordings take place in ones
own, familiar environment, the recorded sleep is more natural. A first

{extra) adaptation night, which is generally required if the registrations

are obtained in the hospital, is therefore not necessary. In some cases, the

application of electrodes and other transducers 1is also performed at the
patients home. This gives us the opportunity to observe some sleep-related
environmental factors. The recordings do not suffer from more artifacts than

clinical recordings do. They are of sufficient quality to allow visual sleep

stage classification.
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Figure 5: Cassette recordings during wakefulness (upper half; note the high
muscle tone and the rapid eye movements) and during sleep stage 4
{lower half; note the smaller muscle tone and the Jlowfrequency
activity 1in the EEG).
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Replaying the cassettes into a computer and visual classification on a
high-resolution display, enables one to subject the hypnograms directly to
statistical analysis. Using this approach, a considerable amount of working

hours, both for supervision and for data handling, can be saved,

VI.5. Continuous-time monitoring

Although there 1is no theoretical limit to the time resotlution, D, of
the discrete time monitor of chapter V, it will be practically limited by the
maximum achievable computation speed. In very fast environments one might
therefore be interested 1in the structure of the continuous-time monitor. We
will restrict this section to the causal part of the monitor that takes deci-
sions, based on past observations only. Although there is no theoretical
necessity for this restriction, it serves the simplicity of reasoning and
allows implementation by analogue circuits.

In chapters III and IV we derived a differential equation that yields
the log-likelihood ratio for the optimal detection of the state of a binary

Markov chain, p(t)e{0,1}. Because the a posteriori probabilities:

P;(t) = P{p(t)=1i|observations up to time t} ie{o,1} (3)
were functions of the 'past-observations' likelihoods:

f;(t) = f{observations up to time t|p(t)=i} ie{o,1} (4)

this differential equation can simply be transformed into one that yields the

test statistic:

Ryo(t) = In{PI(t)/P (1)} (5)
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R10(t) directly indicates which one of the two a posteriori probabilities is
the larger. The differential equation for Rqg(t) describes an integrator with
exponential feedback and is driven by a function, dc10(t), of the 'present

observations' only. It reads:

“Ryp(t) Rio(t)
dRyo(t) = [{a1'0-e -a0|1} - {a0|1-e —a1lo}]-dt +de  (t)  (6)

where ajli are the transition rates of the Markov chain.

In another paper (Kemp and Jaspers 1984) we derived the set of diffe-
rential equations that yield the test statistics, Rji(t)=1n{P3(t)/P;(t)}, for
the optimal detection of the state of an M-ary Markov chain, p(t)eS. These
differential equations are also integrators with exponential feedback, driven

by direct memoryless functions, dcji(t)’ of the observations. They read:

dei(t) = [kgj{aJlk'e —aklj} —kéi{ailk.e —akli}]-dt + dcji(t)
i,j,kes i#j (1)

The drivers, dcji(t)’ are the log-likelihood ratios:
B o o
do, (t) = In{fS(4)/£7(1)] (8)
with 'present-observation' 1ikelihoods:
f?(t) = fl{observation at time t|p(t)=i} ies (9)

in which the observation may be a vector observation. The simultaneous com-

putation of M~1 ratios, e.g. all Rj](t) for one fixed 1e€S, is sufficient to
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decide which a posteriori probability, P;(t), is largest, 1i.e. 1in which state

,1€S, the Markov chain most probably resides at time t. The other Rji(t) for
i#1, that are required for the feedback, can be computed from the Rj1(t) as

follows (from the definition of Rji(t))’
Rji(t) = Rj1(t)+R]i(t) = Rj1(t)-Ri1(t) 1,jesS (10)

Although this M-ary detector has been derived for white noise corrupted
observations of a priori known signals only, chapter V shows that the
discrete-time (time interval D) smoother (i.e. the integrator with feedback)
is not influenced 1if Poisson point processes and causal feedback of the
observations enter the models. The M-ary detector can probably also be
derived by taking the 1imit (D-»0) of the discrete time monitor, as was done

earlier for the binary case (Kemp and Blom 1981).

VI.6. Calibration of standard white noise

Because the monitor 1is nonlinear, the power of the drivers is {impor-
tant. The 'cortical EEG' signals, du(t), or Au(t) in discrete time, should be
the increments of a standard Wiener process when EEG rhythms are absent, as
was assumed in the derivation of the algorithms,

Analogue, electric, standard white noise, 1i.e. the derivative of the
standard Wiener process, should have a flat two-sided power spectral density,
PSD=1V2/Hz (if we take volts and seconds as standard dimensions). Driving the

circuit of figure 6 by non-standard white noise, du(t)/dt, yields a signal:
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E{h(t)} = E{gz(t)} = E{ [ 2nfk-exp(—2nfk-1)-du(t-r)}2 =

0C =
T=0
bt 2 2
= J {ankoexp(-ank-T)} cE{du(t-T)}° =
=0
“ 2
= [ {2nf_cexp(-2nf 1)} ePSDedT =
! k k
=0
= mef, +PSD (11)
. . ) —
white noise g(t) 2 h{t) DC

du(t)/dt ﬁ<k (.) ——{1<<fk

Figure 6: Measurement of white noise power spectral density. Both causal
lowpass filters are first order. The first one has a cut-off fre-
quency, fy, and impulse response function, y(T)=2nfk-exp(—2nfk~T).
The noise is white up to a much higher frequency than fi.

In practice the dynamic range of electronic circuits forces us to calibrate
the PSD to values much smaller than 1V2/Hz. The required rescaling to
correct this is partly performed by the AD-converter where we also get rid of
the volt as arbitrarily chosen reference dimension. We applied this method to
calibrate the EEG signals, to stabilize (by feedback) the analogue white
noise generator that was applied in the simulations of chapter V, and to
calibrate our power spectral analysis system,

Digital, discrete time with interval A, increments of the non-standard

Wiener process, u(t), should obey:

A
{au(t)}? = E{au(t)}? = a-PsD (A in seconds) (12)

I |=
.
| [ g

t=4
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This equation was applied to check the above mentioned calibrations.
N.B. Equation (12) no tlonger holds if presampling anti-aliasing filtering is

applied.

VI.7. Analogue implementation of stochastic differential equations

Several results in stochastic filtering theory are in the form of a

differential equation like:

dp(t) = a{p(t)}-dt + b{p(t)} du(t) (13)
where

dp(t) = 20 {p(t+8)-p(t)) (13%)

dot) = JMu(tss)-a(t)] (13°)

w(t) is a standard Wiener process (130)

a{.} and b{.} are 'nice' functions (13d)

According to Larson and Shubert (1979:th.4.5,1), equation (11) in chapter III
{(with du(v)—ﬁ_(v)s(v)dv=dw(t)) is such a differential equation. The forward
{(with respect to p(t)) differentials, dw(t), are often difficult to realize
(as in chapter III) by analogue (causal) systems. They are essential because
only forward differentials are independent of p(t), implying that
E[b{p(t)}-du(t)]=0.

However, according to It6's differentiation rule (Larson and Shubert 1979:

ch.6.5), a function, y{p(t)} of p(t), having the derivative:

sy{B(t)}/6p(t) = b7 {p(t)} (14)
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obeys the differential equation:
dy{p(t)} = [ov{p(t)}/ep(t)]dp(t) + u[6®v{p(t)}/66%(£)] b2 {p(t)} dt =
= [b7{p(t) ) alp(t)}-xlsplp(t)}/6p()]]+dt + du(t) (15)

in which the forward differentials, dw(t), are no Tonger multiplied by a
function of p(t), and therefore (15) can be interpreted as an ordinary, phy-
sically implementable, white noise driven differential equation (Wong and
Zakai 1965, Jazwinsky 1970:ch.4).

Formula {14) is a recipe that yields a transformation, y{p(t)} of p(t),
that can be obtained via an analogue 1implementation of a differential
equation. In chapter III this recipe resulted, except for a constant and the
supposedly a priori known signal s(v), 1in the log-likelihood ratio,
v{p(t)}=In{p(t)/(1-p(t))}. The differential equation (15) for its computation
was simpler and easier to interpret than direct computation of p(t); compare

equations (16) and (11) in chapter III,

VI.8. Some details of our particular implementation

The automatic sleep stage classification procedure of chapter V may be
realized 1in various ways, Our particular implementation was based on
available experience and material, 1like an analogue tape recorder, an
LSI11/23 minicomputer system and electronic preprocessing circuits.

The EEG (Fpz-Cz and Pz-0z derivations), EOG (horizontal) and EMG (chin
muscles) signals and a time code were FM-recorded (bandwidth DC-1250Hz,
SNR~44dB) on an 1instrumentation tape recorder. In order to synchronize the

human and automatic classifications, start and stop times were also indicated
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on the paper trace, Tape speed errors did not influence the results, because
computer timing was synchronized to the time code during replay (see section
VI.8.2). Paper speed errors were small (less than 15s accumulated after 2%h)
and were corrected for by expanding or compressing the replayed data. ATl
timing was performed with an accuracy of =1s,

An overview of the EEG, EOG and EMG preprocessing during tape replay is

presented in figure 7,

xe [ -] Bur Isg+dup
frontal EEG /{G-L‘1 2 S ’1‘5’: fsf,-dt
: Isq*dug
g . [ -1]4u8 -
occip. EEG /) LT 20 . S fsa-duB
‘ : 1| Ssaat
rzgzider 671420 ) - fsg-dt ssgigge
o W . ReMs [ | ang
L—\\'t* ) = 1s gfzt;gram >
= sl : = ﬁ?stggram
time code ASC

Figure 7: Block diagram of preprocessing the replayed analogue signals into
digital data with a time resolution of 1s which are stored on disk.
The symbols, z , correspond to those in figures 8 and 9, but not to
those in chapter Vv,
Both EEG signals were fed into identical electronic circuits (fig.8),

that carried out the following operations. Anti-anti-aliasing filtering

(compensating the TOHz Tlowpass filter that was applied in the
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encephalograph), in order to reduce the bias mentioned in chapters V.4 and
VI.1. Power calibration according to chapter VI.6. Reconstruction of the
feedback signals, sa(t), sa(t) and sa(t), by L~1(f)-G(f) according to figure

2 of chapter V.2,

rn

]
L 00|

Figure 8: Analogue preprocessing of one EEG signal. Upper Teft; correction
for 70Hz first-order lowpass filter in the encephalograph. The 10k
potentiometer after this correction calibrates the signal power
using the power measuring circuit on the right, Within dashed box;
gyrator filter, G(f), with tunable centre frequency (10k
potentiometer), fixed bandwidth (3.5Hz) and fixed gain (1). It is
followed by the inverse-volume-conduction filter, L~1(f), resulting
in the reconstructed feedback signals, z,6. The part within the
dashed box is repeated 3 times in order to reconstruct sigma-,
alpha- and theta-feedback signals. Below dashed box; reconstruction
of delta-feedback signal, zg.

Another circuit (fig.9) measured the submental muscle tone, SM, using
the EMG. It also detected rapid eye movements, REMs, and measured slow eye

movements, SEMs, from the EOG.
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Figure 9: Analogue preprocessing of EMG and EOG signals. Upper part: highpass
and notch filtering of the EMG for the purpose of EEG and hum
rejection, followed by envelope measurement, resulting in the sub-
mental muscle tone, SM. Middle part: bandpass filtering, rec-
tification and adaptive (noise-dependent) Tlevel detection of the
EOG for the purpose of detecting REMs., Lower part: Jlowpass
filtering and rectification of the EOG results in the slow eye
movement amplitude, SEM,

The 8 resulting analogue signals were fed 1into a 12bit, 100Hz AD-
converter, which was triggered and synchronized by the time code. This
allowed accurate timing and synchronization to the human classification of
the paper traces. The ADC performed part of the required scaling on the EEG
signals (ch.VI.6). Therefore, only after this scaling, these signals
correspond to the feedback signals, s (t). Digital reconstruction (according

to chapter V.4) of the EEG signals by inverse-volume-conduction, L-1, yielded

the EEG observations, AuF(t) and AuB(t).
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Subsequently, the cross products and squares that are required for the
'present' observations EEG 1ikelihoods (ch.V.3 and V.4) were computed, using
these reconstructed EEG observations and feedback signals. These products and
squares were integrated over 1s. In order to detect REM-bursts, duR(t)=1,
rather than REMs, detected REMs were counted only if they were not preceded
and followed by another REM within 3s. SEM amplitudes were averaged over 1s.
If an SEM-maximum was detected, a whole-record SEM-peak histogram was
updated. SM was averaged over 1s, resulting in the EMG-observations, uM(md).
The whole-record SM histogram was updated every second.

The results had a time resolution of 1s and were stored on disk.

A high level, L was chosen such that it was exceeded by only 9 SEM

s’
peaks from the whole-record SEM-peak histogram. Each upper crossing of the
LS/2 Tevel was defined as a detected slow eye movement, dus(t)=1.

The two mean muscle tone Tevels, Ho and By of figure 3 1in chapter
V.2.2 manifest as peaks that can be detected from the whole-record SM
histogram. Such peaks did not occur (as was to be expected) in subjects who
did not enter REM sleep. In these cases we chose a low level, LM’ such that
the probability of it being exceeded by an EMG observation, uM(md), was
p=0.999. We then set u0=1.06-LM and ”1=1'30°LM' These values correspond
roughly to the locations of LM’ Ko and Hy in both subjects of the learning
set (ch.V.2.2:fig.3).

Since all required parameters (uo, My @ and the feedback gains, eye
movement rates and muscle twitch probabilities indicated 1in table 1 of

chapter V.2.2) and observations (EEG cross products and squares, REM-bursts,

SEMs, SM) were now available, we computed the 'present' observations likeli-
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hoods (ch.V.3 and V.4) with a time resolution of 1s. The EEG likelihoods were
processed by the artifact rejection procedure described in chapter V.4.

Integration over D=30s yielded the 'present' observations 1likelihoods
(see equation (17) 1in chapter V.3). These were stored in memory, which
allowed execution of both the backward (ch.V.3:eq.(16)) and the forward
(ch.V.3:eq.(15)) recursive algorithms that yielded the 'past' and 'future'’
observations likelihoods.

Multiplication (ch.V:eq.(14)) of 'past', 'present' and 'future' obser-
vations Tikelihoods then yielded the full observations 1likelihoods, fi(nD),
of each sleep stage, 1.

The optimal stage decisions on each time interval, [nD,nD+D), are the

ones that correspond to the largest likelihood, fi(nD).
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VII. DISCUSSION

Previous work on automatic sleep stage classification involved many
years of development and modifications. In spite of this, however, the
results were not satisfactory (chapters I and V.1). The monitor, as described
in this thesis, already seems to perform better at its first application
(chapter V.5). This 1is probably due to some advantages of the model-based

approach, that will be discussed now.

A1l previously reported systems start by preprocessing the EEG, EOG and
EMG signals in such a way that partial decisions on isolated sleep-related
signal characteristics are obtained. Such decisions may be 'sigma rhythm
present/absent', 'REMs frequent/scarce', etc. These subdecisions are then
combined, using a Boolean matrix or a decision tree, in order to obtain the
final sleep stage classification.

The preprocessing methods result from a subjective choice between
available signal analysis tools (1ike complex demodulation, Fourier analysis
and Wiener filtering), that are sensitive to certain sleep-related signal
characteristics (like sigma rhythm). The tools are generally imported from
other applications and not specifically designed to cope with the particular
aspects of our signals., This thesis shows that some preprocessors, that are
based on specific models of the signal generating mechanisms, perform better,
as will be discussed later.

Also, the combination of several subdecisions in order to obtain one
final decision is suboptimal. Because of the probabilistic nature of the
sleep-related signals, and their rather small 'signal-to-noise-ratio', false
subdecisions {and even contradictory ones: e.g. the combination of sub-
decisions 's+igma rhythm present' and 'REMs frequent' does not correspond to

any sleep stage) will often occur. False sleep stage classifications will
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result. A better method would be able (as both the human procedure and the
method designed 1in this thesis) to correct some of these by taking the
reliability of the various subdecisions into account. For instance, very fre-
quent REMs would dominate borderiline sigma rhythm and prevaj1 in the final
stage classification. 'Fuzzy' systems methods (Kumar 1977) may account for
this particular feature, but they are not tuned to the known probabilistic
characteristics of sleep and sleep-related signals,

It has apparently been a problem to create methods that exploit this

available knowledge about sleep more efficiently,

In this thesis, I developed new methods that are specifically designed
to cope with well known characteristics of the sleeping system., The strategy
for such a design was provided by model-based estimation and detection theory
(chapters III, IV and V). This theory provides a framework that tells us pre-
cisely how to exploit the available knowledge of a system for the purpose of
its analysis. The knowledge must be formulated, using mathematical, par-
ticularly probabilistic, models. A good model of the system resuits in the
optimal analysis method. This approach had already proven its value in a
simple application to the waking EEG (chapter VI.1). The combination of sleep
and sleep-related EEG, EOG and EMG 1is more complex. However, I believe that
the medical and physiological Titerature (chapters II, III, IV and V),
supplemented with some own research {chapters II and V), provides enough
material on the structure and statistics of sleep and sleep-related signals;
enough material for the development of models that enable the desigh of
better analysis tools (chapters II, I1II, IV, V and VI); and certainly too

much material to ignore, as most of the previous work has done,

The theory handles stochastic models of sequential observations that
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are mutually (conditionally) independent, for instance based on Markov
chains, Wiener and Poisson processes. This corresponds to the highly unpre-
dictable behaviour of sleep and sleep-related signals. However, the theory
can only handle models with a relatively simple structure, as compared to the
complexity of the sleeping system. Therefore, the available knowledge about
sleep and sleep-related signals had to be simplified considerably in order to
construct such models. While doing this, I had to make many subjective deci-
sions, as mentioned in the corresponding chapters., The temporal Jlowpass
filter as a model for the spatial lowpass volume conduction of the EEG
(chapters III and V) and the Gaussian model for the EMG (chapter V) can still
be 1improved considerably. Models for K-complexes and theta waves are
currently being investigated.

Both the proposed Markov chain model for sleep (chapter I1I) and the
white-noise-driven feedback model for the EEG (chapters III and V) lead to
optimal analysis algorithms that differ largely from the commonly applied
techniques. It was, therefore, reassuring to see that these models simulated
sleep patterns and alpha rhythms, that could hardly be distinguished from
real ones. This 1is not true for the EOG and EMG models., However, these do
enable the monitor to exploit available statistical knowledge about EOG and

EMG.

Once the system was modelled, the problem 'how to detect the sleep sta-
ges from the observed EEG, EOG and EMG signals' was reformulated in terms of
the model. The simplifications proved to be sufficient: it was possible to
derive the optimal solution to this problem in a form that enabled practical
implementation. Some interesting and new signhal analysis tools were deve-
loped. These are discussed here, and compared to previously applied methods.

The detection of the feedback gains of neural networks that generate
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EEG rhythms (chapters III, V and VI.1) 1is probably more closely related to
'real' sleep, and performs better (ch.VI.1, Kemp 1983b) than tﬁe so far
applied EEG preprocessors that are not based on physiological models., In par-
ticular, the previously applied EEG preprocessors are sensitive to the abso-
lute power of EEG activities such as sigma rhythm and delta waves. This power
is also largely influenced by age and by not sleep-related variables, such as
electrode distance, morphology of the skull, etc, The results are, therefore,
biased by these effects (e.g. Webb and Dreblow 1982), a drawback that is not
shared by the feedback gain detector.

The exponential feedback integrators of chapters III, IV and VI.5, and
the discrete time analogue in chapter V, provide an attractive alternative to
the commonly applied segmentation approach. Segmentation (sometimes adaptive)
was required in sleep classification algorithms, because sleep was considered
to be a process with unpredictable non-stationarities. The problem was that
on the one hand segments should be short in order not to miss small inter-
vals, but on the other hand they should be 1long 1in order to minimize
variance. Segmentation algorithms cannot account for stage transitions within
segments, and supplementary measures must be taken 1in order to take the
correlation between adjacent segments into account, Chapter II shows that the
unpredictable sleep stage transitions can be approximately modelled as a sta-
tionary Markov process., The optimal compromise between 1long and short
segments is therefore the corresponding (chapters III, IV, V and VI.5) sta-
tionary integrator with non-linear feedback; not segmentation. In this way,
sleep can be classified continuously and each classification is based on
weighed 'past', ‘'present' and 'future' dinformation. Clear 'present' infor-
mation (1ike a large sigma spindie that is reflected by a large gain detector
output) increases the exponential feedback, thereby attenuating the influence

of 'past' and 'future'. The signal-dependent temporal smoothing that is
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applied by human classifiers performs comparably.

The forward and backward recursive vector algorithms 1in chapter V
weigh (as humans) ‘'past', 'present' and 'future' of all sleep-dependent
characteristics of all observed signals, before reaching the final decision
on the present sleep stage, By this procedure, the monitor is capable of
weighing contradictory information, something the decision trees used to date
cannot do. A similar weighing algorithm has recently been applied to EEG only

(Lacroix 1985), but it does not process 'future' information properly.

The subjective part of developing a sleep stage monitor has merely heen
shifted from selecting appropriate signal analysis tools towards selecting
appropriate models. However, the feasibility of the approach is demonstrated
by the first practical results. The man-machine agreement in a small group of
both patients and healthy subjects was 70.6%: this is about 4.5% worse than
the man-man agreement in this group {chapter V). This difference becomes 0.5%
in favour of the automatic method if the, vaguely defined and diagnostically
rather unimportant, difference between wakefulnhess and drowsiness (stage 1)
is ignored (chapter V). The differences between the man-machine and man-man
agreement so far reported in the literature for other systems (Johnson 1977,
Lacroix and Stanus 1985a’b) are larger than those we found here. Therefore,
this automatic sleep stage monitor seems to be an attractive alternative to
the laborious, inconsistent, human procedure. It can and should be tested on
more patient groups. Direct comparison to other automatic methods would be

interesting.

Our hope was also to develop models which would be closer to real, phy-
siological sleepi The detection of EEG feedback gains already accounts for

the widely adopted assumption that EEG rhythms are generated by feedback
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loops in the brain. Also, (unlike most other methods) the monitor does not
require segmentation of the essentially continuous-time sleep process.
However, both the human observer (acting according to the Rechtschaffen and
Kales standard of 1968) and our models assume the existence of a limited
number of discrete sleep stages. Although this seems to be a reasonable first
approximation, some sleep related variables suggest a continuously varying
sleep state or a division of stages into substates. This can be studied
(chapter VI.2) using the unsmoothed, 'present' 1likelihoods of chapter V,
since these are not based on this assumption but do exploit models of the
sleep-related signals. From a physiological point of view, however, these
models are rather superficial. Therefore, our methods for analysing sleep may
still benefit substantially from specific research that Tlinks the obser-

vations to physiological functioning and to physiological mechanisms.

Using the model-based analysis methods and the 'Walkman' sleep recorder
(chapter VI.4), we can now perform both sleep research and the diagnosis of
sleep disturbances better, more consistently and more efficiently. This may
result in improved understanding of sleep mechanisms and their defects.
Furthermore, it may lead to the development of improved models. Because the
developed algorithms are of sufficient generality to handle a variety of
observations models, improved models may directly result in correspondingly
improved analysers. Although it is still difficult to provide efficient
therapy for most sieep complaints, it can now be evaluated more quickly, more

consistently and in more cases.
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Probabilistic models of sleep and of the sleep-related activity of
brain, eyes and muscles have been proposed. These models describe how the
corresponding overnight recordings of electroencephalogram (EEG), electroocu-
logram (EOG) and electromyogram (EMG) signals are influenced both by chance
and by the various sleep stages. On the basis of these models, a signal ana-
lysis method has been developed that monitors how sleep travels through its
various stages in the course of the night. In a group of 6 sleepers, the per-
formance of this automatic method was in good accordance with the generally
applied, laborious and subjective analysis by specialists.

The probabilistic generators in the models are Wiener, Poisson point
and Gaussian processes and a Markov chain. The analysis algorithms, which are
optimal for these models, have been developed using non-linear stochastic
filtering theory and statistical detection theory., The analysis was realqized
using analogue electronic circuits and a computer programme.

Chapters II (the sleep process), III (EEG), IV (EOG) and V (EEG, EOG
EMG, implementation and application) each contain their own specific summary.
Chapter VI describes (a.o.) how most recordings can be performed unsupervised
at the subjects homes, using a portable cassette recorder. Because this cir-
cumvents the need for hospitalization, &nd because the cassettes can be ana-
lysed automatically, the number of working hours required per 24h recording

can be reduced from about 30 to 3.
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EEN OP SLAAPMODELLEN GEBASEERDE SLAAPMONITOR

SAMENVATTING

Waarschijnlijkheidsmodellen van slaap en van de daarmee samenhangende
aktiviteit van hersenen, ogen en spieren zijn opgesteld. Ze beschrijven hoe
de corresponderende nachtelijke registraties van het electroéncefalogram
(EEG), electrodculogram (EOG) en electromyogram (EMG) deels door toeval, maar
ook deels door de diverse slaapstadia worden beinvloed. Op basis hiervan werd
een analysemethode ontwikkeld, die uit de geregistreerde aktiviteiten zo goed
mogelijk opmaakt hoe de slaap in de loop van de nacht door de verschilliende
slaapstadia is gereisd. In een groep van zes slapers kwamen de uitkomsten van
deze automatische methode goed overeen met die van de tot nu toe algemeen
toegepaste, arbeidsintensieve en subjektieve analyse door specialisten,

De toevalsgeneratoren in de modellen zijn Wiener-, Poisson punt- en
Gaussische processen en een Markov keten. De, voor deze modellen optimale,
analysealgoritmen zijn ontworpen door middel van niet-lineaire stochastische
filtertheorie en statistische detektietheorie. De analyse 1is gerealiseerd
met analoge elektronika en een computerprogramma.

De hoofdstukken II (het slaapproces), III (EEG), IV (EOG) en V (EEG,
EMG, EOG, implementatie en toepassing) bevatten elk hun eigen meer specifieke
samenvatting. Hoofdstuk VI beschrijft o.a. hoe de meeste registraties bij de
mensen thuis, zonder toezicht, kunnen worden uitgevoerd m.b.v. een draagbare
cassetterecorder. Omdat ziekenhuisopname dan niet meer nodig is, én omdat de
cassettes automatisch kunnen worden geanalyseerd, kan het aantal benodigde

manuren per etmaalregistratie gereduceerd worden van ca. 30 tot ca. 3.
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OVERZICHT VOOR NIET-VAKGENOTEN

De mens slaapt gedurende ongeveer 30% van zijn leven. Hoe we iemand ook
proberen wakker te houden, iedereen slaapt binnen een paar etmalen in, vbor
het tekort aan slaap zichtbare schade heeft aangericht. Het is daardoor niet
duidelijk waarom we slaap zo hard nodig hebben,

Zo'n 10 & 20% van de mensen zegt niet goed te slapen en/of zich sla-
perig te voelen overdag. Dit kan tijdelijk zijn, maar soms gaat het om hin-
derlijke, chronische stoornissen, die zelfs Jlevensbedreigend kunnen zijn.
Bevredigende therapieén zijn nog schaars,

Tijdens slaap kunnen zes verschilliende stadia worden onderscheiden. Zo
herkennen we waak (W), doezelen (stadium 1), lichte slaap (stadium 2}, diepe
slaap (stadium 3), zeer diepe slaap (stadium 4) en droomslaap {ook wel REM-
slaap (R) genoemd vanwege de snelle oogbewegingen (Rapid Eye Movements) die
in dit stadium optreden). Goede slapers bewegen zich in de loop van de nacht
volgens een soort golfbeweging door deze stadia, zoals te zien is in de
slaapgrafiek van figuur 1. Deze grafiek wordt beinvloed door 1ichamelijke en
psychische faktoren, Jleeftijd, slaapstoornissen, slaapmiddelen, alcohol,
nachtdienst, enzovoorts, Zo hebben ouderen bijvoorbeeld gemiddeld minder

droomslaap dan kinderen.

W fd

W=

— ; : | % | J |
0 1 2 3 4 5 uur 6 7 8

Figuur 1: Slaapgrafiek die Tlaat zien hoe een gezonde slaper zich in de loop
van de nacht door de slaapstadia W(aak), R(EM), 1, 2, 3 en 4
beweegt, In de eerste slaapgolf (van 0.12 tot 1,30 uur) daalt hij
eerst via stadia 1, 2 en 3 af naar zeer diepe slaap (rond 1.00
uur), waarna de slaap weer minder diep wordt en om 1.15 uur de
droomslaap (R) begint. Hierna volgen nog vier van zulke golven, die
echter steeds minder diepe slaap bevatten.
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Zowel wetenschappelijk onderzoek naar het hoe en waarom van slaap, als
de diagnostiek en therapie van slaapstoornissen, zijn meestal gebaseerd op
slaapgrafieken. Om zo'n grafiek te kunnen maken, wordt gebruik gemaakt van
het feit dat Jeder slaapstadium zijn eigen, typische hersenaktiviteit
(ElectroEncefaloGram: EEG), oogbewegingen (ElectroOculoGrain: EQOG) en
spierspanning (ElectroMyoGram: EMG) heeft, Zo horen bijvoorbeeld bij
droomslaap een onregelmatig EEG, snelle oogbewegingen en volledig ontspannen
spieren, Proefpersonen en patienten moesten tot voor kort enige nachten (of
etmalen) worden opgenomen 1in het =ziekenhuis, om op de afdeling Klinische
Neurofysiologie het EEG, EOG en EMG te registreren. Vervolgens werd door spe-
cialisten, die speciaal getraind zijn in het visueel herkennen van de
verschillende slaapstadia, uit de verkregen strook papier (bijna 1km per
etmaal) de slaapgrafiek afgeleid. Uit de grafiek werden vervolgens parameters
zoals slaapstabiliteit, slaapdiepte en droomslaappercentage berekend,
Registratie en verwerking van 1 etmaal op deze manier kosten beide ca. 15
manuur, Bovendien heeft ziekenhuisopname naast allerlei maatschappelijke
problemen meestal ook tot gevolg dat de slaap, vooral de eerste nacht, wordt
verstoord, zodat vaak een tweede etmaal! moest worden geregistreerd. Daarom
konden zowel wetenschappelijke research als patientenzorg slechts op zeer
bescheiden schaal plaats vinden. Het effekt van slaapmiddeien werd nauwelijks
objektief beoordeeld.

Het 1is nu mogeldijk gebleken de meeste registraties zonder voortdurend
toezicht bij de patient of proefpersoon thuis uit te voeren m.b.v. een
'"Walkman'-achtige cassetterecorder (figuren 2, 3, 4, 5 en hoofdstuk VI.4). De
onderzochte kan zich daarbij vrij bewegen in de eigen, vertrouwde omgeving.
De kostbare ziekenhuisopname 1is dan niet nodig en de geregistreerde slaap is
meer natuurgetrouw., Als de elektroden thuis worden aangebracht, kunnen tege-

1ijkertijd een aantal omgevingsfaktoren worden waargenomen, die de slaapkwa-
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liteit mogelijk bevnvloeden. De commercieel verkrijgbare 4 kanaals recorder

is door ons voorzien van extra elektronika, waardoor naast EEG, EOG en EMG

ook nauwkeurige tijdinformatie, ademhaling (i.v.m. nachtelijke ademstilstand:

bv. figuur 5) en lichaamstemperatuur (i.v.m. de 24-uurs bioritmiek) gedurende

een heel etmaal op éen standaard audio cassette kunnen worden vastgelegd,
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Figuur 2: Draagbare
slaaprecorder (1links),
met Ylinksonder de EEG
en EOG voorversterkers,
rechtsonder de EMG

voorversterker met

elektrodes, rechtsboven
de tichaamstemperatuur-
sonde en midden-rechts
de detector voor neus-
en mondademhaling.

Figuur 3: Registratie van de
elektrische aktiviteit van her-
senen, ogen en kinspieren m.b.v.
respektievelijk EEG-, EOG- en
EMG-elektroden op de huid., De
aktiviteiten worden vastgelegd op
een draagbare (onder de kleding)
cassetterecorder, zodat men zich
vrij kan bewegen,
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Figuur 4: Zo kunnenh 22 seconden droomslaap er uit zien als de cassette op
papier is afgespeeld. Let op de snelle oogbewegingen en het geringe
EMG vergeleken met figuur 5,

Ook de tijdrovende verwerking van etmaalregistraties tot slaapgrafieken
is  geautomatiseerd. Hiertoe werd een computerprogramma ontwikkeld
(hoofdstukken V en VI), dat de eigenschappen van EEG, EOG en EMG meet. Hoewel
sommige eigenschappen kenmerkend zijn voor een bepaald slaapstadium, heeft
ook het toeval een grote invloed. Figuren 4 en 5 illustreren dit: EEG en EOG
veranderen van seconde tot seconde, ook al blijft het slaapstadium hetzelfde.
Daarom gaat de computer uit van kansmodellen van hersenaktiviteit (hoofdstuk-
ken III,V), oogbewegingen (hoofdstukken IV,V) en spierspanning (hoofdstuk V).
Deze modellen beschrijven hoe EEG, EOG en EMG deels door toeval, maar ook
deels door de verschillende slaapstadia worden beinviloed. Zo beschrijft bv.
het EEG model (figuur 6) hoe de hersenen tijdens bepaalde slaapstadia meer of
minder duidelijke elektrische trillingen produceren. De intensiteit van deze

trillingen vertelt de computer dus ijets over het slaapstadium,
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Een ademstilstand (hier tijdens slaapstadium 2) veroorzaakt
zuurstofgebrek en daardoor kort ontwaken. Bij deze patient gebeurde
dit honderden keren in éen nacht, zodat hij niet aan zijn diepe
slaap toe kwam. Hij dacht zelf goed te slapen, maar klaagde over
slaperigheid overdag.

Figuur 6a: Model van de elektrische
aktiviteit van de hersenen. Het model
wordt beinvioed door slaap (p) en
vormt  ruisachtige aktiviteit (w)

N im0 NI 4 my. terugkoppeling (via G) om tot
wAN“VWMMMWWMWwVAWM»ﬁWWVV“WPW”WNAJW%WW hersenaktiviteit (u), die via de sche-
) del (L) op de hoofdhuid meetbaar is
F M M A WAL MM a1s EEG ().

6b: Het met dit model nage-
”wMMMMMv”mewuvw*wh”AJVMMN“”MmAAN%jN“ bootste EEG bevat trillingen (als p=1,
i I Ve RN AN N oy BV, tijdens stadium 2), die aan het

eind verdwijnen (als p=0, bv. tijdens

“WWﬁM“““MWVWJ%VWN”V*MWVM“ﬁ””LAWAUV“MWW\ slaapstadium 1).

b)
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Op basis van de modellen 'weet' de computer welke eigenschappen
toevallig zijn en welke kenmerkend zijn voor een bepaald slaapstadium, Hij
kan dus op ieder moment op basis van het geregistreerde EEG, EOG en EMG
inschatten wat het slaapstadium vermoedelijk is geweest. Omdat de inviced van
het toeval groot 1is, kan het zo nu en dan Tijken alsof de slaap naar een
ander slaapstadium gesprongen is, terwijl dat in werkelijkheid niet zo is. Om
dit zo goed mogelijk uit te kunnen maken, 1is ook een model van staap zél1f
opgesteld (figuur 7 en hoofdstuk II)., Dit model beschrijft hoe groot de kans
op zo'n werkelijke sprong is. Bij kleinere sprongkansen zullen de EEG-, EOG-
en EMG-eigenschappen duidelijker moeten zijn, voordat de computer beslist dat

zo'n sprong waarschijnlijk toch is opgetreden.

NN //’// Figuur 7: Model, dat beschrijft hoe slaap
RN A door de verschillende stadia (W, R, 1, 2, 3
AN 4 K en 4) reist. In ieder stadium 1is er
‘\ ﬂ) / konstant een kans dat npaar een ander sta-
' //v / dium wordt gesprongen. Grote sprongkansen
/ﬂ v, corresponderen in de figuur met grote pij-
Y ¥, len. Zo zal vanuit 1 meestal snel naar 2,
| maar soms ook naar W of R worden
YA gesprongen.,
Voo
K
l\\
g

De computer begint, net als een getrainde specialist, met het meten van
sTaapkenmerken zoals de genoemde EEG trillingen, snelle oogbewegingen, enz.

Vervolgens worden deze kenmerken tegen elkaar afgewogen (hoe duidelijker het
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kenmerk, hoe zwaarder het telt) om iedere % minuut tot een beslissing te
komen 1in welk stadium de slaap zich vermoedelijk bevond. Door de grote
invioced van het toeval zijn de echte slaapkenmerken soms nauwelijks te
onderscheiden. Daarom is de beslissing moeilijk en zal de computer het niet
altijd eens zijn met de specialist. Om dezelfde reden zijn ook twee spe-
cialisten het niet altijd met elkaar eens. De computermethode heeft het voor-
deel van consistentie: herhaalde analyse van dezelfde registratie geeft
steeds dezelfde slaapgrafiek, terwijl zelfs een intensief getrainde spe-
cialist steeds tot verschillende resultaten komt. Uit toepassing op 6 slapers
b1ijkt dat computer en specialist het gedurende 29% van de nacht oneens zijn
over het juiste stadium, terwijl dat voor twee specialisten onderling 25% is
(figuur 8). Het verschil tussen beide percentages is kleiner dan de 8% die
tot nu toe van andere systemen bekend is. Dat komt waarschijnlijk doordat in
dit proefschrift voor het eerst is gekozen voor een volledig op slaapmodellen

gebaseerde aanpak.

Figuur 8: Slaapgrafieken van éen korte
(2% uur) registratie, zoals verkregen
door zes getrainde specialisten
{boven; over elkaar heen getekend) en
door de computer (onder}).

W N = D E

g
%J__
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Als het, uit diagnostisch oogpunt niet erg belangrijke, verschil tussen
waak en doezel buiten beschouwing wordt gelaten, wordt de overeenkomst tussen
de computer en een specialist zelfs iets groter dan die tussen twee spe~
cialisten onderling. De computeranalyse 1ijkt dus een goed alternatief te
bieden voor de subjektieve methode. Er moet nog wel meer ervaring mee worden
opgedaan.

Met de kombinatie van thuisregistratie m.b.v. de cassetterecorder en
computeranalyse van de cassette kan het aantal benodigde manuren per
etmaa]registrafie gereduceerd worden van ca, 30 tot ca. 3 (exclusief even-
tuele reistijd bij het thuis aanbrengen van de elektroden). Momenteel
verkrijgbare kleine computers kunnen een etmaalcassette 1in ongeveer 2 uur
verwerken, Door concentratie in een klein aantal slaapcentra hoeven de
apparatuur- en materiaalkosten daarbij niet toe te nemen. Slaapdiagnostiek en
therapie kunnen aan zowel direkt als via sneller toenemende wetenschappeli jke

kennis verbeteren.
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Stellingen bij het proefschrift: MODEL-BASED MONITORING OF HUMAN SLEEP STAGES

1. Door middel van slaapregistratie aan huis en computeranalyse van deze
registraties kunnen de kosten van diagnostisch slaaponderzoek met een
faktor tien worden gereduceerd.

Dit proefschrift.

2. Het huidige, interpationaal toegepaste standaardmodel van slaap kan ver-
beterd worden op grond van de huidige kennis.

Dit proefschrift.

3. De 1in de techniek 1ingeburgerde toepassing van een anti-terugvouwfilter
(volgens Nyquist) vb6d6r signaalbemonstering staat op gespannen voet met
het mathematisch aantrekkelijke gebruik van stochastische It6-integraal
vergelijkingen,

Dit proefschrift.

4. Sommige recent met behulp van stochastische filtertheorie afgeleide ana-
lysemethoden kunnen ook worden verkregen via de klassieke maximum-
1ikelihood aanpak.

Dit proefschrift,

5. De ondoorgrondelijkheid en onvoorspelbaarheid van de werking van de her-
senen nopen tot het gebruik van struktureel eenvoudige waarschijnlijk-

heidsmodellen.



6.

11.

Het beloop van ziekten, die gepaard gaan met complexe ongewilde bewe-
gingen, kan eenvoudig worden gekwantificeerd met Doppler radar tech-

nieken.

. Aan het formuleren van een probleem wordt vaak ten onrechte minder aan-

dacht besteed dan aan het oplossen ervan.

Gedeeltelijke overlap van medische en technische opleidingen maakt zowel
de verschillen van inzicht als het door de opgeleiden gezamenlijk bestre-
ken vakgebied kleiner, waardoor de creativiteit in het samenspel tussen

beide disciplines niet wordt bevorderd.

De afweging van kosten en baten van milieuvervuilende industrie kan wor-
den bevorderd door de schoorsteenhoogtes te beperken, zodat de vervuiling
bij de bron wordt geconcentreerd. De naleving van voorschriften omtrent

deze hoogtes is eenvoudig controleerbaar.

Promotiebanen dreigen promoveren soms tot doel van onderzoek te promo-

veren.

'Artificially intelligent expert systems' dienen onder toezicht te staan

van intelligente experts.

B. Kemp Hazerswoude, 11 juni 1987






