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ABSTRACT

During the past years several projects have been conducted at the Univer-
sity of Texas at-Austin by membe}s of the Bio-Medical Engineering Program
investigating the automated classification of levels of wakefulness. The
primary design and goal of these projects was rapid, inexpensive determina-
tion of levels of wakefulness performed accurately using easily derived
physiologic parameters . It was felt that by combining some of the procedures
and results of previous studies with the procedures developed from the last
two years of this research, a conglomerate algorithm which had the capabilities
desired could be develdped.

_ During the third year of ghls nesearch_, an altered algorithm has Been
developed froih previous algorithms.to classify REM' - NREM sleep stages
from »mlnute_-by-mlnute heart rate. One night of data was. used from ea_ch of
two subjects as tr&lnlng data for our alqorlthml. The other nlqhis of these two
mbjects and all the data from a third subject were used as test data. Subjects
LES and PER ‘were used as. tralnlnq and test subjects whlle subject OWN
suppllod only test data -

'rho recla nlﬁcatlon of the tWo training nlqhts ylelded accuraclel of

51 30% and 63. 68% for night one of LES and inght one of PER mspectlvoly. .,

O Aol

Accuncin iron tho romalnlnq data of lubjcct I.Es yioldod 60 11% to 66 50%,-
of lubjcct PER 45. 9”6 to 63.68%. Subjoct OWN, whose data were not und

in any training, ‘yielded accuracies from §2.27% to 58. 60%.
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We concluded from our study that the method of analysis we developed
and the results we obtained were sufficient to warrant further investigation.
We did achieve one of our primary goals: the reduction of cost, volume,
and complexity in automgied classification of levels of wakefulness. We
fee) thatr further developﬁment of an automated process algorithm for the

accurate determination of levels of wakefulness can be 'fulfuled in the

foreseeable future.

e




1
4
|
l
1

TABLE OF CONTENTS

| s e e e E R
S e R e A e e A N
e I R ISR R o P IR S
CHAPTERI.  INTRODUCTION. .euvvuvrnrenrenonsnnsoncnons
CHAPTER II. BACKGROUND. ....vvuvenrenonroncosannoncnss

Characteristic Patteméof T o S Y

Heart Rate and Other Autonomic Activity
Assoclatedwith sleepl'l' 08 90000 00 080 000800 200 e e e

Automated Detection of Sleep Stages....ccccvveceeee

CHAPTER III. THEPROBLEM B PP
Objecttve................__..".......(.‘.................
 OurPrevious Work. ...ooeeeiesinuiciceiiintiieiinees

CHAPTER 1V, BB v savh s Lo hn sl g aae e

: PhaseI

Pha’ell....o...-..'0"".'.......-..'.""0"'-"0'

Ph..e III-Panl 0-'.'0""0'.."."0.."".----".'

PhaseIII-Part3.....................................
Epilogue............................................
C_HAPTER,V. RESULTS.....................................
CHAPTER VI, DIBCUSBION.........orurirunnrnseneesnaensis
'ﬁEM NREM Claulﬂclﬂon...........................~
ArmyData (Unkndwnsleopstaqel).....................
CHAP'I'BRVII CONCLUBIONS...............................
IEL!OGMPHY............................................

vmmB..‘......‘..'.‘..0..‘.........'.‘...'..0...‘0..

Phﬂ.e III-Pan 2.'...'....'."".l"....l""."'." .

.. Am Accnonni.onoooonodnnonocccnodontnncon.ccncnbn.o‘

Page

i
vi
ix

1

11
15
15
15
32

32

34

91

i e W e b .. .




o Figure 1:

Figure 2:

Figure 3:

Figure 4:

Figure 5:

1 Figure 6:

1 Figure 7:

2_ Figure 8:

Figure 9:
Figure 10:
Figure 11:
Figure 12:
Figure 13:
Figure 14:

Figure 1_7:
Pl_guré 18:
‘ Plﬁufe 19:
]l Figure 20:
Figure 21:

Ptguro 23-

Pigure 25:

Pigure 27:

Pigure.IS:
F.iqure 16:.

LIST OF FIGURES

Sleep EEG PatternS. ...ceeoeevecesn
A Typical Night of Sleep.........
Heart Beat Domaln. g AT
Averagé Autocorrelation. .
Beatquency Domain...
Training........c000
TeBt MG i o oreios o ¢ oralele
LES-FER Stage Awake. . . .
LES-FER Stage One.....
LES-FER Stage Two..
LES-FER Stage Three..... e o
LES-:PER Stage Four......ceeveee

00000000

LES"PERS“QQ Plve..o.oo.oooo.oo.ooooo.o'oooo

LES‘PER REM+SpeCtra. teceoso0v0s0e s
IIES-PER NMM snwa....'...........
LES-OWN-FER Nights 1,2 Stages 0-1...

Figure 22:
Figure 245

Pigure 26:

LES-OWN-FER Nights 1,2 Stages 0-2...
LES-OWN-PER Niqhts 1,28tages 1-0....c00000e
LES-OWN-PER Niqhts 1,2 8tages 1-2....0000000
LES- OWN PER nghtl 1,2 Stages 1-5...........
LES-OWN-FER Nights 1 2 Stages 2-0. P P
LES-OWN-PER Nights 1, 2 Stages 2-1... Fulisoes

ES-OWN-PER Nights 1,2 Stages 2- 3... coveeense
LE8-OWN-PER Niqhtl 1 2 Stagu 2-4. ceseerenns
LBB-OWN-PER thhtl 1, 2 Stagu 2-8.c000000nne
I.BB-OWN-PBR Nights 1, 2 ltagu 3=0.vcerencnne
Lu-own-rn Ntchn 1 2 Stagos 3-1. ceeesnsane

e

Page
5

6
20
21
22
37
38
39
40

. 41

‘42
43
44
as
46
a7
48
49
50

s
52
53
54
ss
56
57
58




A e

- e R

o

I sy s

3
:

Figure 28:
Figure 29:
Figure 30:
Figure 31:
Figure 32:
Figure 33:
Figure 34:

Figure 35: ;

Figure 36:
Figure 37:
Figure 38:

Figure 39:

Figure 40:

Figure 41,

LIST OF FIGURES
(Continued) 3

LES-OWN-FER Nights 1,2 Stages 3-2..
LES-OWN-FER Nights 1,2 Stages 3-4..

LES-OWN-FER Nights 1,2 Stages 4-0...

LES-OWN-FER Nights 1,2 Stages 4-1..
LES-OWN-FER Nights 1, 2 Stages 4-2..
LES-OWN-FER Nights 1,2 Stages 4-3..
LES-OWN-FER Nights 1,2 Stages 4-5..
LES-OWN-FER Nights 1,2 Stages 5-0..
LES-0O"" ¥-TER Nights 1,2 Stages 5-1..
LEC - *»".-FER Nights 1,2 Stages 5-2..

REM' NRCi Classification
Arm;, Data Subject PK, Flle 50N 2

REM NREM Classification
Army Duta“Subjoct PK, File 2......

REM' NREM Classification

es 000000
e0 e 000000
ss 0000
es s 000000
e0 s 000000
e0 0 000000
000000000
e0 0000000
90000 000

Amymum’mn Fues................

kBM NW Cuniﬂcauon

Tn&x&agiﬂiﬁn&bjéctOWN.................

Page
59
60
61
62
63
64
65
66
67
68

74

"~ 75

76

80

o



N T s

Table 1:
Table 2:

.Table 3:

Table 4:
Table 5:

Table 6:

Table 7:

Table 8:

Table 9:

“Table 10:

Table 11:
Table 12:

';‘able 13:
Taplle 14: :

LIST OF TABLES

Reported Results of Automated Classification.....
Classification Results Reported by Welch82 boodoc
Results of REM-NREM Classification.......c...
Regression Model Heart Ra‘te M.eas'ures 00000 Ad0 0T

Results of Regression Analysis for Individual
@GS0 600 560 T506I0.0 300 0 At 0 oo TN

Overall Results of Regression Analysis
for Nights 1 and 2.....c.c000000eee.s

Classification bg_ Group and by Night for
Stages REM and NREM, Subject: LES.......

Classification by'_ Group and by Night for
Stages REM and NREM, Subject: FER......

Classification bg'_ Group and by Night for
Stages REM and NREM, Subject: OWN.....

Sleep Scoring Criteria of One Minute EEG Epochs. .

'subjectLES.........-............-...........

Subject FER. ® @ 90 0 2 ... @ 0 8 @ 0 5P 0 0P 50 00 e 8 8008 e
subject OWN o0 000 Ho IC U R B BN BN . ® 9 65 00 000 00 8 00 000
8EM+ 'NREM Classlﬂcatlon ErrorTYPeSs. . .. ooeaeee

vi

26

27

28

29

30
33
71
72
73
78

e



CHAPTER I
INTRODUCTION

Sleep is commonly looked upon as a periodic temporary cessa-
tion, or interruption, of the waking state, which is the prevalent mode of
existence for the healthy human adult:.49 While a satisfactory short defi-
nition of sleep is lacking, Pieron49 considered it a suspension of sensory-
motor activities characterized by an almost complete absence of movement
and an increase in the thresholds of general sensitivity and of reflex irri-
tability. Pieron added two qualifications to the above definition. The
first is that the suspension of activity be dependent upon intemal neces-
sity and not on external conditions. The second qualification is the pre-
servation of the ability to be aroused or awakened, thus differentiating

it from states such as coma, trance, and anesthesia.

The study of the phenomena of sleep has occupled researchers
for many years. Since the advent of the polygraph and the advancement
9 of the digital computer, many resear__chers have expanded efforts towa@ |
the development ~"of new automated methods for the quantitative analysis
of sleep pattemé. Almost exclusively, these efforts have been directed
toward computer aided datectlon of characterlstlc changes in EEG sleep

54,67,27,56
patterns.

Typically, the methbgls‘ used to examine the EEG sleep patterns

involve the analysis of definitive mea ﬁpres -such as frequency and ampli-
tude compbnent's of the EEG. These EEG measures are then 'applled to

Py S I

automated procedures for claulﬁcauon of sleep patterns uslnq either 1.
analog, dlgttal or hybrtd computors. APl i ; .

ln tho lant fm yoars, our rouarch team at the Blo-Modlcal
Emlnnrlnq Hurt Rate Labontory hn conducted a numbor of research
pmjoctl dodlontod toward dovolopmont of automated mothodn for tho clas-
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1,76,77,52,56 4 . primary goal has been the

sification of sleep patterns.
development of a sleep pattem detection process using an easily derived
physiologic parameter coupled with a rapid, inexpensive algorithm for quan-
titative analyses. Instead of the typically used EEG, we have chosen beat-
by-beat heart rate as our physiologic parameter. Several researchers have

reported that heart rate does exhibit concomitant characteristic changes
1,14,20,68

with changes in sleep depth, We chose beat-by-beat heart rate
as our criteria because the ECG is an eaAslly derived physiologic parameter

which is more in keeping with our desire for low-cost and limited date bulk.

ity




CHAPTER 11
BACKGROUND

Characteristic Patterns of Sleep

Sleep has been described as a "diminished....sensitivity to
external stimuli" ;39 a "state of vulnerabtllty";24 an innate, automatic,
exigent, and essential process;39 an active process,z‘i’39 and a state
of "restoration and recovery" .24 It is said to be intemally regulated and
under strict central nervous con'crol.39

Whatever the function or definition, it is well known that certain
physiological phenomena are associated with the sleeping state.

Objective observation of sleep phenomena really came to light with the
advent of the electroencephalograph. By placing electrodeé on various
positions of the skul_l, it was found that electrical activity of the brain
could be recorded. 'Electroencephalographtc (EEG) pattefns exhibited de-
finitive characteristics in both the waking and the sleeping states.
Descriptions of such patterns have employed objective terms such as_
*alpha", "beta", "delta", and "theta waves"; "lo(w voltage fast sleep”;
"high voltage slow sléep"; "'spindlé activity"; and "K-complexes".

With the discovery of ocular motility during sleep,s's' @ 65a.'mother
device was employed for objecf,ive obéervation . The electrooculograph (EOG),
'mea_sures electrical activity cajnsed by eye move'.ments. When it was dis-
covered that there was a hiéh deq_ree of correlation between certain EEG and
EOG patterns, the phenofnena of REM (rapid eye movemeht) sleep was
descrlbed . Qe

From these ﬁndinqs researchers have developed standard proce-~
dures for ”scorlnq  EEG patterns into differcnt depths durlnq sleep, where
depth 8 auoclatod with lack of response to emmal sttmuli. The classi-
cal tcchnlquo for detommtnq nlaep levels or ctaqea mvolves the clinical |

tntorproutton of the concomltant chanqe- in EBG and BOG pattom- on a
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continuous basis. This requires the tedious, expensive and time-consuming
task of scoring literally miles of charts.

Nevertheless, these methods have provided us with quantitative
techniques of research and have allowed us to perform scrupulous analyses
of sleep and its related phenomena.

Sleep is typically divided into four primary stages of depth: Stages
1, 2, 3, and 4 with Stage 4 representing the deepest sleep.23 It was
found that REM sleep produced the same EEG patterns as Stage 1 and thus
Stage S is sometimes used to denote combined Stage 1 and REM sleep.
Awake is labeled Stage 0. Characteristic EEG and EOG patterns of these

stages are shown in Fig. 1.48 A graphical representation of staging

throughout an entire night of sleep is shown in Fig. 2.53 This figure
shows the subject progressing from awake to Stage 4 and then retuming to
Stage 1, 5 which is Stages 1 and 5 combined. This is typicel of a night of
sleep. The horizontal bars above Stage 1,5 indicate the simultaneous
occurrences of rapid eye movements or' Stage 5. It can also be seen that
the subject makes a similar progression from light to deep sleep throughout
the night. This" "cycllng" occurs approximately every 60-100 minutes and
has been described in numerous other reports.1 S DS, 48 /02 80W
have defined the cycles as beginning at the onset of a REM period (hori-
zontal bars) and ending at the onset of the next REM period, except for
Cycle 0 which typically begins with Stage 1 without concurrent eye move~
ments. This subjeg:t Iproduced five complete cycles during this night
of sleep.

Another phenomena of cycling is that the "trough" of the cycle
gets more shallow as the night progresses which is also typical of a normal

23,48 In qer’xeml, progression from "wakefulness to Stage 4 -

night of sleep.
at the beginning of Cycle 0 is a continuum of change whils reversion to
the liqhtor stages at the end of a cycle are quite abmpt.23 Stages 3

and 4 are only occutonally reached during cycles following the second 23
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Another characteristic is that sleep patterns differ in other respects
when considering sleep near the beginning of the night as opposed to that
near waking tlme.5 For example, the length of the REM periods tends to
increase toward the end of the night while NREM (Non-REM) durations
decrease. 1880 Agnew and Webb3 also reported the increased length of
REM periods towards the end of the night, They reported several other
findings concerning the time course of events with reference to REM sleep.
Age appeared to be a primary determinant of the REM amount of sleep up to
the early teens, but has little effect théreafter. The length of prior wake-
fulness appeared to have little or no effect on the amount of REM sleep.
They also found that the longer the sleep time, the greater the amount of
REM sleep. The findings of Agnew and Webb3 agreed with those of Moses
et all.s9 in that REM sleep occurred mainly in the last half of the night and
the number and length of REM episodes increased in the last half of the
night. Both studies also found that the interval between REM episodes de-
creased in the last half of the night.

It is known that sleep patterns in man differ from those in othef
mammals in some zuspects;74 however, sleep in man is relatively consis-
tent in nature from one subject to the next. Age also plays another impor-
tant role in characteristics of sleep.29 ' ,

It shculd be remembered that although sleep is described in
quantitative measures of "stages”, sleep pattems'are associated with
continuous processes and do not always lend themselves to discrete
classification. In other words, there are fluctuations of depth wlthln
each stage as well.23 o

"to' d Other Auton mic Actlvlt Agsoclated with

Other physiological variables are known to be: assoclated with
changes in sleop‘patterna, especlally heart rate. In fact, depth of sleep
is nld to take on different moanlnqs accordtnq to the variables used to

define lt23 86 aﬁd tho dotormtnatton of depth should tako into acoount
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the simultaneous fluctuations in heart rate, blood pressure, respiration,
and even skin potential response.a'g’ 18,23 Variables such as gastric
motility, metabolic rate, penile erections, peripheral muscle activity
and pupillary reactions have also been regarded as autonomic correlates

in sleep.4'24'49'74'868efore the advent of the polygraph, autonomic

variables were the only means for describing sleep.a6
Although there has been much disagreement among researchers
regarding the significance of the autonomic correlates, most tend to
agree that the following observations consistently hold true.
1. In general, the trend is for heart rate, blood pressure,
and respiratory rate to decrease with increasing depth of
sleep.
2.  The most readily observable phenomena of these three
activities is the change in variability with change in depth.
3. Of all the aufonomlc correlates, changes in heart rate are
probably the most congistent measures of sleep depth.
4. Gross body movements also exhibit cyclic variations closely
associated with the.sleep cycles. :
5. Skin potentlais generally increase with the onset of deep
sleep and are markedly reduced during REM sleep.
6. All of these correlates follow 'comﬁlex pattems which are
. under control of the autonomic nervous system.
The slowing of the heart s a consistent phenomena associated
with the onset of sleep and has‘be'en found to reduce in-rate from 2 to 12 beats
per minute on the average depending on other factors such as sex and age.49
However, the minimum heart rate ln the normal waklng state was found
to be less than the maxlmum rato ln sleop indlcatlng that overlapplng of the
heart rates are cogmnon.‘9 On the average, the rango of hoart rato is

lower. during llub than durtng waking. .9 Virtuany all ruoarchorl agm ' X

that tho v&rhbulty of heart nto is. tho most- pronouneod foatun whon : ; S
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considering different depths of sleep. 1.4,13,16,73,75,86 Fluctuations

in heart rate are pronounced during the light stages, Stage 1, 2 and REM,
and yet also contains periods of complete quiescence in variability. S
Brooks et el.ls reported that cardiac acceleration from any sleep stage to

a lighter stage appeared to be proportional to the change in depth. For
example, they observed a 10% increase when changing depth by one stage,
e.g., Stage 4 to 3 or Stage 3 to 2, and a 13.7% increase when changing
two stages, e.g., Stage 4 to 1 or Stage 3 to awake. Using low-birthweight

infants as subjects, Watanabe et al?9

also found significant differences
(p<.01) in the range of variation when comparing Stage 1 with 2 or 3,

Stage 2 with 3, and Stage 2 with REM. The ranges during the deeper
stages were significantly lower. Snyder et al?3 reported an average of

55% increase in their variability index during REM over Stage 2. Aldredge's
et el! study tended to confirm these results. They found that, in general,
the standard deviation of heart rate for REM was significantly higher than
for Stage 2 which was in turn significantly hlgher for Stages 3/4 combined

within a given sleep cycle. These relationships did not necessarily hold

true when comparing cycles.

Average heart rete" shows significant change with change in sleep
patterns but is not as pronounced as the variability measures. Snyder
et el. when not controlling for time of night, found a significant decrease
(p<.001) in heart rate from REM to Stage 2 with an average change of about
4 beete/mfnute. They also reported Stages 3/4 heart rate to be significantly
higher (p<.001) than Stage 2. When controlling for time of night where the
difference between ‘Stage 2 and Stages 3/4 was no longer slqniﬂcent Khatri
et al found averaqe heart rate to decrease from the awake control an
average of 4.6 beete/mtn for Stage 2 (significant ‘at p<.02) and 5.1 beats/in

for Stages 3/4 (etoniffoent at p<.01). They also found a significant increase

(p< 01) in heart rete when enterlnq REM eleep. Aldredge et el} ., on the other

.henl found thet chenqee to ltghter etagee produoed etgntfteant 1ncfeeee in
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average heart rate within a cycle, but this relationship did not always hold
when comparing, say REM of one cycle with Stage 2 of another cycle.
On the other hand, some researchers implied that heart rate changes
on the average were lnslgnlﬁcant.4' 4
Blood pressure and respiratory rate follow similar patterns and
trends as heart rate.g The consensus is that blood pressure and respiration
show high degrees of varlablllty‘during REM sleep and become more stable
in the deeper stages. On the average, blood pressure and respiratory
rate during REM are significantly hlgher.4' Lo Blood pressure
tends to reach a minimum during the first third of sleep and is probably
associated with Stages 3 and 4 which occur hlmost exclusively during
this perlod.49’ 73 Respiratory changes, such as lncrgased rate and de-
creased amplitude have been correlated with REM bursts (periods when
eyes are actually movlng).4'7
Body movements cycle from relatively few during deep sleep to a
marked increase in number just before REM. The REM period is character-
ized by no peripheral actlvlty, but movement beglns again immediately
after REM and then returns to quiescence with deepenlng sleep.23 e
Changes in skin responses during sleep, known as the Tarchanoff
effect, is characterized by increased response with deep sleep and a
marked decrease in response due to increased threshold in REM sleep.la'86
Changes in autonomic activities such as heart rate, blood pressure,
and relplratory rate are thought to follow complex patterns mediated
throuqh parasympathetic and lympathetlc neural control. 8 i In some
calel, these variables appear to be mterdependent upon one another.
Por example, ‘Bond ot al!a found that heart rate variability durlnq Stages 1
and 2 was rhythmic and roughly associated with respiration. During doep
llup there appnrod to be a proclu corrolatlon between' hoart rate '
vorlabulty and respiratory froquoncy. ‘However, during REM thore was

totll dtnochtlon wlth m'eqular vadabllity. Snydor ot a17 allo reported




that heart rate, blood pressure, and respiration "oscillated quite regularly
around a relatively stable base line" during Stages 2 and 3/4 combined,
while Stages 1/REM combined featured wide and erratic fluctuations.
They reported many instances where changes in all three variables
occurred together and other instances of independent changes. They
suggested that simultaneous changes in these variables may be secondary
responses to changes in respiration. Baust et al? performed very
thorough experiments on parasympathetic and sympathetic influences on
heart rate during sleep in the cat. They concluded that the phaslc changes
in héart rate during desynchronized (REM) sleep and wakefulness are de-
cisively induced by vagal influences. In general, they found that the fall
in heart rate from wakefulness to synchronized sleep was mainly due to
increased parasympathetic activity and that phasic changes during REM
bursts were associated with phasic events in both parasympathetic and
sympathetic activity. In other words, both types of autonomic activity
play roles in physiologlc changes durihg sleep.

Control of these autonomic variables have been theorized to lie
with parasympath_etlc and sympathetic activity, dream-arousal activity,

biochemical mechanisms, and a central nervous system “triggering”

mechanism. Whatever the mechanlsm, these variables consistently undergo.

functional changes'durllnq the sleeping state.
Automated Detection of Sl Stages

Lauen et al§ probably best describes the reasons behind the
narch for automated methods of detecttnq sleep stages. Now that there
u .some qeneral agreemcnt as to what quantttatlve measures. descrtbe the
dlfforant staqu of lleop, Larsen felt that other than eltmlnatlng the tedlous
tnk of vuual lcormq, automatod methods have a two-fold theoretlcal "
valuo'

11
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(1) to provide a better understanding of the physiological

aspects of sleep, "

(2) and to test the adequacy of variables thought to contain

quantitative information about sleep.

Predominantly these methods involve seeking out the definitive
measures of the EEG (e.g., frequency components) and then developing
some analog, digital, or hybrid method to use these measures for classi-
fication. In essence, researchers have a}:tempted to devise automated
models of pattern recognition especially designed for sleep patterns of
the EEG.

Approaches to the solution of the problem have employed techniques

in spectral analysis,38'50’57’84 period ana:lysls,70 and baseline cross

a.nmlysis.‘w'51 /83 These procedures have met with only limited success,
except for a hybrid system developed by Gaillard et al:.30 who reported
overall accuracies (when compared to visual scoring) up to 92.31%. An

overvleﬁ‘r of the results of several studies is shown in Table 1. Problems

in classification are cited as overlap of measures of discrimination, 70 -

the need for inclusion of more measv.u'es,‘10 +57,70

40

imprecise definition of

variables, = unreliability of visual sqorinq,57 and the need for additional

methods of analysls.57

Although all of these methbds were considerably faster in detection’

than visual scoring, t‘hey' still did not té;olve the problem of input bulk.
For example, sampling fate_s ranged from 100 to 500 samples per second.
If only one channel of EEG was dlq'lt_:llzed. for digital computer analysis,
the data base would be enormous for a conflhuous 7-1/2 to 8-hour recording.
'rhu' probiom was iomowhai: niolvod by aﬂalyzinq only certain short portlons
of the entire reoord ‘but the data bau was. :tlll large and posslbly some ln-
formation was lost. Allo, tho ltudlu usuauy monttored EGG and EOG's
as well as uvoral EDG channola.- e

In lummry, 'esothe hlqh cost of dlqltal oomputor analy-u of

-
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all-night sleep EEG's and the relatively large volume of information it
‘produces have decreased its value. No such system of analysis has yet
proved sﬁfﬁclently reliable or simple to justify its frequent or routine use
in all-night sleep monitoring. wél
Recently, however, researchers in our program have been investi-
gating the use of beat-by-beat heart rate as the criteria parameter. As
discussed earlier, it is agreed among sleep researchers that heart rate
does contain sleep information, although its use as a detection parameter
has never been considered. We felt, however, that changes
in beat-by-beat heart rate, as opposed to averages over long periods, can
be used for detection of sleep stages if used in an optimal manner. Using
heart rate certainly has advantages over previously cited measures. For
example,ss'81 |
(1) the ECG is an easily derived physiologic parameter;
(2) practically speaking, the ECG alleviates the need of uncom-
fortable multiple electrodes used in monitoring the EEG which
are cumbersome and restrictive of movement; and
(3) ‘the sampling rate is now reduced to 50-100 samples per
mlggtg. which greatly reduces data input and transmission volume,
Hence, based upon what is known about heart rate and sleep, and our desire
for a low-cost, easily derived input parameter c{ limited bulk, we have at- !
tempted to design an automated method for the classification of sleep pat-
terns using beat-by-beat heart rq‘ﬁg. A ‘ l

B s LIS SRS
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CHAPTER III

THE PROBIEM

Objective

The objective of this research still conforms to that sought in all
our past studies. Stated precisely, it is the development of a process by
which rapid, inexpensive determinations of levels of sleep can be performed
accurately using an easily derived physiologic parameter, "such as beat -by-
beat heart rate.

Qur Previous Work

The experimental protocol for this project is comprised of combi-
nations of the ideas, methods, and results from our previous projects.

The first study reported, "Computer Sleep Stage Classification
Using Heart Rate Data" by Welch and Rich’ard80n,82 was an overview of

a two year research effort on the "Bandwidth Reduction of Sleep Informa-
84,85

sk The choice of beat-by~beat ‘l.xeart rate as a parameter for sleep analysis
is supported by Brook et al.,16 who stated that sleep depth is probably reflected
"more in changes in c;ardiac cycle length than in the average heart rate values.
Since previous researchers felt that average heart rate, as a single measure, did
nof contain sufficient information for classifying sleep depth, we approached
the problem with the idea of employing a multivariate technique. We de-

vised eleven heart rate measures which included the mean and standard
deviation of heart rate over set epochs and a nine interval histogram over

each epoch. These descriptors weré submitted to a multi-discriminant

rw:xlel21 c6upied ‘\'n.lth a Baylel classifier to classlfy each epoch into a

particular stage. This approach neceultated both a tralnlnq get of data

and a test set of dau. The model's accuracy was decided based upon g’
comparison wlth visual scoring of the EEG. ‘The results of our efforts are L
. P:g{_&
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shown in Table 2. Training night accuracies ranged from 53% to 77%, while
testing night accuracles ranged from 21% to 73%. These results represented
only moderate success. We found that while the mean and standard devi-
ation of heart rate were the most significant of the 11 measures, there was
also a significant difference in the mean heart rate between nights one and
two for several subjects.

The second report investigated "Variations of Heart Rate During
Sleep as a Function of the Sleep Cycle" by Aldredge et al. a The basis for
this study centered around the idea that "irregularities in heart rate and
nightly trends have prevented any useful correlation with sleep stage"1 and
that pooled heart rate data over an entire night does not accurately rep-
resent the behavior of the individual's sleep pattems.

Sleep cycles are classically defined by Kleltman48 as beginning
at the end of a REM period and ending at the end of the next REM period.
The exception is the first period which has no REM at its beginning. Pre-
liminary results suggested we should redefine the cycle as beginning at the
onget of a REM period and ending at the onset of the next REM period, since
it appeared th‘a.t the preceding REM period had an effect on the trends in heart

rate of the succeedh:lq stages.

P we initially

' Using the same data as that used in our first study,
divided the nights of sleep into sleep cycles based upon visual examination
of the EBG patterns. Several hypotheses were examined. The first determined
if the average heart rate during REM was eéual for all cycles. The hypothesis
of equality was applied to the standard deviation (variability) of heart rate.
Other hypotheses were designed to determine if the average and variability of
heart rate were equal for the different atages with any given cycle.

: We found that on the average, heart rate differed from cycle to
cycle while variability, as mgsu'red by the sample standard devtatioh,

appeared to be consistent throughout the ntqht'.
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Table 2.

82

CLASSIFICATION RESULTS REPORTED BY WELCH

SUBJECT

CHI
FAR
GIL
MOS
NOR
PAD
SAF
SCH

*
NIGHT 1

77%
61%
63%
64%
60%
53%
70%
65%

ek
NIGHT 2

73%
64%
54%
45%
37%
21%
40%
40%

Stages 1 a'nd.REM were combined as were Stages 3 and 4.

* Training night of data
*#* Testing night of data
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A third study which provided information for this research was that

of Weber et al?1 entitled "Detection of REM 1 Sleep Stage and Eye Movement
o from Beat-to-Beat Heart Rate”. We hypothesized that the sudden cyclic
changes in heart rate seen during sleep were caused by the same neural
process which caused rapid eye movements. The typical approach to the
study of transient phenomena of periodic signals is spectral analysis via

the Fourier transform. 10,11,14,35
{ Two data segments were constructed from one subject. One data

I set was made up of heart rate data, R~to-R intervals, from REM segments
1 with concurrent conjugated eye movements and was designated REM-REM.
For control, the second data set was a series of intervals from REM sleep
segments during which no concurrent conjugated eye movements were ob-
served. These data were designated REM-NREM.

i A typical spectrogram was constructed from REM-REM data by auto-
correlating thegse data segments with themselves and then Fourier transform-
ing the autocorrelated data. Sequential epochs of the second night were
similarly transformed and their spectrograms compared to the typical spectro-
gram. If the measure of similarity was high enough (determined empirically),
then the epoch of the second night was classified as REM-REM sleep. REM-
NREM segments underwent the same processes. Many variations and methods
of improvement were tried with the overall best results being that Stage 1,
REM was successfully detected via this method with approximately 80%
aécuracy for the one subject studied. We considered the technique as
"tentatively successful” in detection of Stage 1, REM.

The fourth study in this' series is the 1975 Annual Report "Sleep-
Wakefulness Deteminatlon§ From Heart Rate Dat&" by Lisenby et a1,%4
In this study, we hypothes'ized a REM-NREM classification algorithm based

», upon the Fourler transform of heart rate data epochs. Beat-by-beat heart
i el rate was determined by measuring the time in milliseconds between suc- "
& ek

i ; cou_lvo R-waves on the electrocardiogram. The R-to-R intervals were used &5
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to define a function where the independent variable was heart beat number
and the dependent variable was the magnitude or duration of the correspond-
ing R-to-R interval (see Figure 3). These values were assumed to represent
equally spaced samples of a continuous function. These data were divided
into one minute epochs. Each epoch was represented by an array which con-
tained the values of the Heart Beat domain and was zero filled to 128 points
to facilitate use of our discrete Fourler transform routine.

Each one minute epoch of Heart Rate domain data was autocorrelated
to form an autocorrelation function for each minute epoch (see Figure 4), Two
stages were being examined, REM, 1 (stages Awake, 1 and 5 combined) and
NREM (stages 2, 3, and 4 combined). The autocorrelation function for
each minute was then Fourler transformed into the Beatquency domain (see
Figure 5). The resulting spectrograms were combined and averaged to form a
typical REM, 1 and a typical NREM template. Each template was normalized
to a maximum amplitude of one.

The data used for the previous studies were also employed here.
The first night of sleep of each of the nine subjects were used to compute
Beatquency domain templates for REM and NREM categories for each subject
in the manner described above. These templates were then used to reclas-
sify their respective training nights of data as well as classifying a testing
night of data (night two for each subject.) The results of this algorithm
are shown in Table 3.

In a second phqse of this same study54, a multiple regression
anélysis model was designed to detect the individual levels of sleep:

Stage 0, Stages 1/5, Stage 2, and Stages 3/4.To train this algorithm, the
first step was to create a new data set céntalning the measures to be
used as predtétbra._ For each minute of data, eleven frequency distribution
measures were formhlafced: the mean R-to-R interval length, the standard
deviation about the mean, and a nine-interval standard 2-score histogram.
These measures are listed in Table 4. Once these measures were obtained
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Table 3.

RESULTS OF REM-NREM CLASSIFICATION >4

SUBJECT ACCURACY
SAF 1 77.9%
SAF 2 83.9%
SCH 1 69.6%
SCH 2 81.8%
FAR 1 64.9%
FAR 2 73.9%
CHI 1 77.5%
CHI 2 73.2%
MOS 1 74.1%
MOS 2 59.6%
GIL 1 71.8%
GIL 2 §5.6% !
NOR 1 67.5%
NOR 2 58.9%
PHI 1 70.5%
~ PHI 2 63.4%
D1 70.0%

PAD 2 : - 68,6%
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Table 4

REGRESSION MODEL
HEART RATE MEASURES-

MEASURE MEASURE
NUMBER DESCRIPTION*
1 Mean (ux‘)
2 Standard Deviation (cx)
3 freq [z” <-1.75)
4 freq { -1.75 ¢ z, <-1.25}
s freq ( -1.25 2, <-0.75)}
6 freq (-0.75 £2, <-0.25)
7 treq (-0.25 52, <0.25)
8  treq {0.25 £2,, <0.75)
9 freq {0.75 2, <1.25)
10 treq (1.25 £2,, <1.75)}
11 freq (z“ 21.75}

il's

s*freq { )* means the number of Z, ,_ that occur within the

given range.

24
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for each minute of data for each subject and each night, the Night 1 measures
were applied to multiple regression analysis to obtain a series of linear re-
gression weights. The remainder of the training procedure included re-clas-
sifying Night 1, cycle by cycle, into its respective sleep stages to deter-
mine the algorithm's accuracy.

The testing procedure for the regression models involved the for m-
ulation of the predictor measures from the Night 2 data for each subject.
The regression models derived from Night 1 data were used to classify
corresponding sleep cycles in Night 2, For example, the model from Night 1
for cycle 0 was used to classify sleep stages for Night 2 cycle 0. The
same procedure occurred for all subsequent cycles. The results of these
classifications are shown in Tables 5 and 6.

The fifth report in this study was the 1976 Annual Report, "Sleep~
Wakefulness Determinations From Heart Rate Data" by Lisenby et aul.56
This report is a continuation of the work done during 1975. The data base,
however, was expanded considerably by the addition of 16 nights of data
from 3 subjects. This new data was supplied by the U.S. Naval Sleep
Laboratory in San Diego, Califomia. The primary work done during this
year's portion of our contract involved the formulation of REM + (Stages
Awake, 1, and REM combined) and NREM (Stages 2, 3, and 4 combined)
spectral templates from each night of data for each of the three new sub-
jects., These templates were then used to reclassify their respective
nights of data for their respective subject. The results are shown in .
Tables 7 - 9. Several attempts were made at a four stage classification;
however, we found difficulty separating stage Awake from a combination
of Stages 1 and REM (5). This sam§ difficulty was encountered in separ-
ating Stage 2 from a combination of Stages 3 and 4. :
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Table s . 26

RESULTS OF REGRESSION ANALYSIS
FOR INDIVIDUAL CYCLES

SUBJECT CYCLE NUMBER

LABEL 0 1 2 3 4 S
SAF1 77.9% 89.6% 75.2% 89.0% 85.7% 77.8%*
SAF2 47.0% 60.9% 49.5% = = =
SCH1 69.1% 68.5% 83.3% 76.8% 74.5% 53.8%*
SCH2 30.1% 16.5% 45.2% 70.2% S0.0% -
FAR1 71.2% 75.5% 84.3% 85.3% 64.2% i
FAR2 25.8% 56.6% 70.5% 71.1% 84.8% =
CHI1 78.5% 58.6% 92.3% 90.0% 88.6% 87.2%
CHI2 70.0% 37.9% 40.9% 92.9% 80.8% S53.2%

MOS1 45.0% 84.2% 62.1% 78.2% 71.2% =
MOS2 45.9% S51.1% 68.7% 58.8% 44.3% 77.4%**

GIL1 52.5% 71.3% 97.3% 90.3% 65.3% 71.4%*
GIL2 33.8% 56.2% 84.6% 55.4% 75.0% -
NOR1 42.7% 87.2% 55.6% 80.6% = =
NOR2 44.6% 19.5% 27.0% 57.6% S57.3%**14.6% -
PHI1 58.3% 65.6% 74.0% 62.0% 5 -
PHI2 27.3% 62.5% 56.3% 23.5% & =
PAD1 61.4% 78.6% 89.7% B87.5% 85.4% =
PAD2 48.7% 47.8% 7.1% 69.7% 70.1% 47.8%**

*These cycles were incomplete and the model for the
preceding cycle was used, {

*#The model for the last cycle in Night 1 was used
for these cycles.
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Table 6 .

OVERALL RESULTS OF REGRESSION ANALYSIS
FOR NIGHTS 1 & 2

SUBJECT NIGHT 1 NIGHT 2
SAF 82.9% 52.0%
CHI 80. 5% 61.6%
'PAD 80.5% 49.7%
FAR 75.0% 60.7%
SCH 73.3% 43.3%
GIL 72.8% 56.3%
MOS 68.2% 56.1%
PHI 64.4% 45.4%
NOR 60.8% 37.9% '
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Actual Group Clasgsification Nightly Overall
Night Group N REM* NREM Percent Accuracy
1 REMY 115 82 33 88.6%
NREM 298 14 284
2 REM' 111 80 31 89.2%
NREM 259 9 250
‘ 3 REM® 134 103 31 88.7%
NREM 299 18 281
6 REM® 109 71 38 86.2%
NREM 275 15 260
7 REM’ 60 59 1 87.3%
NREM 160 14 146
q
TABLE 7

|

; Classification by Group and by Night for Stages REM'

i ‘ (0, 1 and REM combined) and NREM (2, 3, and 4 combined).
i

|

] Subject: LES
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Actual Group Clagsification Nightly Overall
Night Group N REM® NREM Percent Accuracy
1 ReMt 142 110 32 88.1%
NREM 270 17 253
2 rReMt 104 61 43 84.1%
NREM 323 25 298
; 3 ReM” 133 22 111 66.0%
NREM 296 35 261
4 ReMt 120 89 31 88.1%
NREM 301 19 282
5 REM® 160 53 107 60.6%
NREM 289 70 219
<
TABLE 8

Classification by Group and by Night for Stages REM'
{ (0, 1 and REM combined) and NREM (2, 3, and 4 combined).

J Subject: FER
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Actual Group Classification Nightly Overall
Night Group N REM' NREM Percent Accuracy
{ REM® 90 66 24 90.9%
NREM 330 14 316
2 Remt 88 49 39 87.8%
NREM 329 12 317
3 rRemt 126 73 53 82.8%
NREM 299 20 279
6 remt 112 70 42 87.0%
NREM 334 16 318
7 ReM’ 98 68 30 79.7%
NREM 113 17 116
{
| _ TABLE 9 '

Classification by Group and by Night for Stages RI*:M+
] (0, 1 and REM combined) and NREM (2, 3 and 4 combined).

B Subject: OWN
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To emphasize and summarize the results of our previous studies

which are pertinent to the present research, the following points should be

reiterated.
A L ]

B.

E.

From Welch et al. s we leamed that beat-by-beat heart rate
does contain sleep information.

From Aldredge et al.1 we found that (1) average heart rates

are not the same throughout the night and that each cycle of
sleep has its own norms and can be modeled separately, and

(2) that average heart rate during different levels of sleep

are significantly different within a given sleep cycle.

From Weber et al.81 we were provided with a plausible auto-
mated technique for separating sleep cycles using beat-by-
beat heart rate since a cycle, as we have defined it, begins and
ends with the onset of Stage 1/REM.

From Lisenby et al.54 we can see that Beatquency domain analy-
sis contains remarkable ihtra-subject consistencies.

From Lisenby et al.s6 we found that, although still short of

the desired results, Beatquency domain analysis has proven

to be a significant improvement over our past efforts and pro-
duces results comparable to those obtained by other researchers

using other methods of EEG analysis.
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CHAPTER IV

METHOD

The development of the composite sleep scoring algorithm involved
three phases. These phases were:

I. Preprocessing of the data base

11. Development and training of the algorithms

I1I. Testing of the algorithms (3 parts)

Phase I
The data base used in this research was the same as that used in

EiSt 50 A, 8a In all, sleep pattern analog recordings

our previous study.
| were made on nine normal subjects over two complete nights of sleep for
each of nine subjects, on two normal subjects over five nights, and on one |
subject over six nights, for a total of 34 nights. These recordings were ‘
made after "first night effects" had beéen eliminated. The analog tapes ‘
for the first nine subjects, which were recorded in the sleep laboratory T
at the University of Florida, contained two channels of EOG, eight channels |
of EEG, and two channels of ECG. In addition the 14-channel magnetic |
tape contained a slow time code (hours and minutes) and a fast time code
(modulated 1 KHz sinusoid). The analog tapes for the other three subjects,
which were recorded in the sleep laboratory at the U.S. Navy Research !
Laboratory in San Diego, contained two channels of EOG, one channel of
Ca/Ai;Az EEG, one channel of SPR, and one channel of ECG. In addition,
the magnetic tape contained a slow time code similar to that cited above.
These data were also recorded on continuous paper strip charts which were
used in the visual scoriné of sleep stages, Each night of the Pl_orida data was

, | - hand scored on a mlnute-by-miri'ute basis by three trained experts working inde-~ g

pendently and using a modifgod Dement-Kleitman criteria as outlined in Table 10%4, s |

The resulting scores, allqnq with subject code and time code, were punched
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on cards for data storage. Inter-rater agreement ranged from 90.00% to
96,34% with an average of 93.01% over the 18 nights of the first nine
subjects. U,S. Navy data were scored by the Rechtshaften-Kales criteria,
At the University of Texas, the ECG data were read from the analog
tapes into an analog R-wave detector whose output generated an interrupt
within a digital computer. A timing algorithm measured the elapsed time
in milliseconds between successive R-waves. These R-to-R intervals
times were then stored on digital magnetic tapes for further processing. &
The remainder of the preprocessing phase involved a merger of
information from the R-to-R interval data set and the hand scores. Details
of these procedures are described in Appendix A. The result was a com-
posite data set containing the following for each subject:
1. Subject name and analog tape numbers
2. Total number of minutes in the night
3. For each minute:
a. Time of night
b. Number of R-to-R intervals
c. The R-to-R intervals for the minute

Phase II

The first objective of Phase Il was to define and develop a
REM-NREM classifier algorithm, i.e., the algorithm used to separate
sleep cycles based on the method described earlier.

~ This technique developed by Weber et 1518.l was modified in the
following manner. For signature spectra, Weber et al, used only those
heart beats associated with actual eye movements and a similar sized
sample from the heart beats associated with REM sleep but at a time
when the eyes were not moving. This often resulted in very small
sample sizes. In this study, however, we decided to use all of the
heart beats associated with a full epoch of hand-scored sleep stage. By
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doing this we hoped to conform more with the visual scoring and to increase

our sample size.

During the test night Weber analyzed sequential 128 beat epochs.
Although 128 beats could represent up to two minutes of data (heart rate of
64 per minute) and was variable, some decision process was used to merge
hand scores with these epochs. We decided to also conform to this same
method.

As in Weber's method, the "digitized" ECG data in terms of R-to-R
interval times were first represented in what we call the "Heart Beat Domain",
as seen in Fig. 3. The independent variable in this domain was heart beat
number occurring in any one minute. The dependent rariable was the
magnitude of the corresponding R-to-R interval. It should be noted that
the data were discrete and equally spaced in this domain. Each epoch was
filled to 128 beats in order to facilitate use of our Discrete Fourier Analysis
(FFT) routine. Epochs of R-to-R interval data for a known level of sleep
were converted to the Heart Beat Domain. Epochs were computed for each
of the six possible sleep stages, 0 through 5 (REM). In this way we used
only epochs which were pure stage (containing no stage transitions). We
felt from previous studies that transition epochs (i.e. epochs containing
more than one sleep stage) yielded contamination of data which was difficult
to correct for later.

These epochs were then transformed via the Fast Fourier Transform
to yield an amplitude spectrogram representative of that known level of
sleep (Fig. 5). Only the positive frequencies were considered , there-
fore yielding a 64-point transform with a 65th point serving as the folding
frequency 34. Since this transform was made via the Heart Beat Domain,
we chose to call the transformation space the "Beatquency Domain”.
Rather than cycles/second as in the conventional frequency domain, our
Beatquency Domain was expressed in terms of cycles/beat. We chose not
to "normalize” the amplitude of each spectrum so as to take advantage of
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the natural difference in amplitude between stages. We then formed two
average spectra, REM' (combined stages 0, 1, and 5) and NREM (combined
stages 2, 3, and 4). We then smoothed both templates with a three point
average technique.

The training of the REM-NREM classifier was done by formulating
the template or typical REM and NREM spectra from the data during Night 1
for a combination of two subjects, LES and FER (Fig. 6)‘. Then these tem-
plates were used to classify the two subjects' Night 1 into its REM and
NREM components as outlined in Fig. 7. The original six stage spectra
are shown in Figures 8 through 13. The two templates can be seen in
Figures 14 and 15, Figures 16 through 37 illustrate transition epochs
which were not used.

It should be explained that preliminary tests were performed to
determine how spectra of the separate stages (Stages 0,1,2,3,4,5)
differed morphologically. It was found that the spectra distinctly fell into
two groups: Stages 0, 1, 5 and Stages 2, 3, 4. It has been our standard
procedure to combine Stages 1 and 5 as REM sleep and Stages 2,3, and 4
as NREM sleep. However, Stage 0 or awake was also essentially indistin-
guishable from Stages 1 and 5. It is known that these stages are similar

48,13,75 In fact, Larsen et als.l reported the same

in many respects.
grouping phenomena with regard to certain EEG measures. Since inspection
of the hand scores implied that long periods of arousal were usually closely
associated with the cyclic pattern, Stage 0 was incorporated into the defi-
nition of REM. This appeared justifiable since the purpose of this procedure
is to determine the cyclic pattemn rather than distinguish the component

levels of sleep.

Il -~ Part

The first part of Phase [II was the testing of the REM-NREM
classification model trained in Phase II. The testing procedure was to use
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The REM and NREM templates derived from Night 1 of Subject LES and FER
to classify subsequent nights of the same subjects. This, in essence, tests
the model's ability to classify new data for a given set of subjects upon whom

the model was trained.

Phase III - Part 2

This portion of the study tested the REM-NREM classification model
on one subject's data which was not used in any way during the training of
the model. Five nights of data from Subject OWN were used during these
tests.

Phase III - Part 3

This part of our testing phase involved the blind classification
(unknown sleep stages) of data from subject PK supplied by the U.S. Army.
The object of this test was to indicate the algorithm's effectiveness on long

segments of awake data combined with normal sleep data.
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CHAPTER V
RESULTS

The results of Phase III - Part 1 for Subjects LES and FER are shown in
Tables 11 and 12 respectively. Seven nights of data for Subject LES are shown
in Table 11. From a total of 1,062 128-beat intervals of data for Subject LES,

a total of 658 128-beat intervals were correctly classified. One hundred sixty-
six 128-beat intervals were misclassified as Stage NREM when it was act: ally
Stage REM+, while 165 REM' intervals were misclassified. A total of 73 128-
beat intervals were a combination of both Stage REM+ and Stage NREM. As
such, these intervals could not be classified using a two stage template
classification.

Five nights of data for Subject FER are shown in Table 12. From a total of
977 128-beat intervals, 563 intervals were correctly classified for a per cent
correct of 62.49. Ninety-five 128-beat intervals were misclassified as Stage
REM+ when they were actually Stage NREM, while 243 NREM intervals were
misclassified. A total of 76 128-beat intervals were a combination of both
Stage REM+ and Stage NREM and as such were not classified.

The results of Phase IIl - Part 2 are shown in Table 13. These results are
based upon data which comes from Subject OWN. This subject's data were not
used in the formation of stage templates. From a total of 994 128-beat intervals
552 128-beat intervals were correctly classified for a per cent correct of 5§9.42.
A total of 75 REM' 128-beat Intervals were misclassified as NREM and 302 NREM
128-beat intervals were misclassified as REM'. There were 65 128-beat Intervals
which were combinations of Stage REM+ and Stage NREM and as such were not
classified.

Figures 38 through 40 {llustrate preliminary prediction results obtained from
the first three of eight days of data supplied by the U.S. Army. The indepen-
dent varlable is time in minutes. The dependent variable is a binary state
variable labeled REM", corresponding to a combination of Stages 0, 1, and §
(REM), and NREM, representing a combination of Stages 2, 3, and 4,
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CHAPTER VI
DISCUSSION

REM' - NREM Classification

Considering the fact that beat-by-beat heart rate was our only criteria,
we feel that our REM' - NREM classification model performed with consid-
erable success. Of particular note are the accuracies obtained in classifica-
tion of data from outside the training set. In classifying test data from sub-
jects LES and FER, each of whose first nights were used as training data,
accuracies for LES ranged from 58,58% to 72.58% and for FER from 60.99% to
67.98%. The data for subject OWN was completely separate from the training
subjects and yet accuracies ranging from 55.83% to 61.76% were accomplished.

The over-classification of REM' contributed to 67.97% of the errors.
Table 14 {llustrates the distribution of these errors. Again, over-classification
of REM+ is evidenced by the percentages of Type I errors. The over-classifi-
cation of NREM (Type II errors) contributed to 32.03% of the errors. There
were a total of 1046 128-beat intervals misclassified out of 3033 128-beat
intervals, representing 34.49% total error.

There were 214 128-beat intervals which were not classified from the U.S.
Navy data. Since the data were originally visually classified by sleep stage
on a minute-by-minute basis, there were several 128-beat intervals which
crossed the minute-sleep stage transitions. These 214 128-beat intervals
represent 7.06% of the available 3033 128-beat intervals. These unclassified
intervals were counted as misclassifications with regard to Tables 11, 12, and
13 results for worst case answers., This may be too harsh an assumption to

place upon our algorithm.
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REM' NREM CLASSIFICATION

ERROR TYPES
Subject - :Night. JType 1*. Type 2**

LES 1 35 35

2 26 33

3 21 30

5 26 28

6 41 25

7 17 14

FER 1 40 17

2 67 12

3 47 24

i 4 41 22
] 5 48 20
! OWN 1 7l 20
' ) 64 17
3 61 17

6 74 9

7 32 12

* Type 1 Error = Classifying NREM as REM+
** Type 2 Error = Classifying REM+ as NREM

TABLE 14
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Army Data (Unknown Sleep Stages)
The results shown in Figures 38, 39, and 40 are preliminary findings

from several days of data from one subject, PK. Upon receipt of the sleep
stage classifications from the Army, we will evaluate all data which have
been supplied to date in the same manner as the REM+ NREM (U.S. Navy)
data. Figure 41 illustrates visually scored results for four nights of data
from our untrained subject, OWN. The findings shown in Figures 38 through
40 differ from those of Figure 41. We feel that the differences between
these data may be due to the very slow heart rate of the subject, PK, shown
Figures 38 through 40,compared to subject OWN (Figure 41). The average
heart rate for subject PK was over 1250 milliseconds while the average heart
rate for subject OWN was 961 milliseconds for stage REM+ and 1066 milli-
seconds for stage NREM. We are investigating further to see if it will be

necessary to train on part of subject PK's data before attempting complete

classification prediction.




77

s - o |-||—

8¢ aunbrg

S3¥0JS (31310334
(SNIW) W11

109§, PQDEL  S1'Q.  69'€Q9 22098 SL'9CY  L2°€13  0R'6RS €95 SE'A¥S  BEBIS  16°SEY  £¥25 96°BKY  BESY

(SNIN) 3WIL
(S°S2€  OI°2%6  29'828  SI'SQE  BOTIGR  12°BG2  €LVE2 927112 GGl IEKQL  WROMI 6Tl 'S & 8

.

I 3114 “Md 133r9NS 8180 AWdY
NOT1HII4ISSHTI WIAN +W3d




78

6¢ ainbig

mumo.wm _m_uw..—_uaumm
NIN 1
0S°¥€31  64°8031 SO'ESIl 2£7SI1 99'IEN1 SB'SOLl  K2'09Q1 ES¥SQl  19°82Q1  DI'EOQ  BE'2S  $O°ISE  I8°S2 927008 SSMS WM 6V

I
3y
(SNIW) MIL
S2's28  ¥SBRL  ER'ELL 2By 107231 OL'9R9 BB’ B2'SKY  AS'SI9  90°CRS  SI'SSS  W'YS  E2°91S 2016y 1E°SGF  09'BEY  BRETY s
3y
ISNINW) MIL
KU1y 99SEE  SEBE  V2WE  €S'BQE 20 11U OV e9'S(P . 6841 S2'vgl  SS'E3l WAL Gl 2 ug  wd o

3704 “Nd 123ranS 8idd AWM
NOTLHJITHISSHTD WIAN +W3Y




79

0p @inbiJ

S3303JS 031210334
(SNIW) W11

6871221 0S°'S¥31 O00'BIZ 1S°2811 10°9911 256611 E0'EIll  €S°98Q1 M0'09Q! SS'EEQl S0'20Q  9SUMS  0°VSS  IS°.38  SOIE  SS'VIS  €09W e

(SNIW) 3MIL
00°158  05°b28  10°9§. 15142 20°Sh.  E€SBIL  ED" PS'SE  SO'BEY  SS2I9  90'9QS  S°B5S  0EES  6ST0S  G00GP  ESESY  OI'uy -
; g ; Pl

(SNIMW) MWIL
DE'EZY  1PIGE  IB'DLE 2Y'WWE  EBTLIE  EPCIG2  WEPSR  WRBEZ  SBTIN2  SPSH1 S6TRSI  L02E1 BE'SQl e S OP © o

€ 3114 ‘M4 133r8NS Hidd AWdY
NOILHIT4ISSHTI WIAN +W3Y




80

REM-NREM CLASSIFICATION
TRAINING NIGHT 1 SUBJECT OWN

nem. H ﬂ [—]
Ly C 3 " EEaE " ~a—TY R TR TR

3%
FInE 1n:ns)

HAND SCORES

REM-NREM CLASSIFICATION
TRAINING NIGHT 3 SUBJECT OWN

REN.

= T R T e O R T T TR T L L
TInE (NINS)
HAND SCORES
REM-NREM CLASSIFICATION
TRAINING NIGHT 6 SUBJECT OWN
NN, 4
{
| b RN TR S ST S PRI R M e C T T R T
TInE (NINS)
HAND SCORES
REM-NREM CLASSIFICATION -
TRAINING NIGHT 7 SUBJECT OWN
pen.
¥ -y o SRR L T TR F NS SR S S - —
{ ”’ i TINC (NINS)
A
rﬁ‘:: ¥

Figure 41




CHAPTER VII

CONCLUSIONS

.In summary, we feel that the efforts of this year's research produced

the following important results:

A, We contlnued_ development of a new approach to using
beat-by-beat heart rate in the classification of sleep
patterns. The Beatquency Domain analysis has shown
consistent intra- and inter-subject relationships which

have proven useful in our investigation.

B. Considering our results to be successful and encouraging,
we have approached one of our primary goals: the re-
- duction of data input and complexity by using an easily
derived physiologic parameter,

C. We feel that while these results are significant, further
algorithm development is warranted before the implemen-

tation of our algorithm using a microprocessor system.
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CRITERIA USED FOR DETERMINING
THE R-R INTERVALS IN ANY
GIVEN MINUTE

Time Correction,
In making the original digital tape containing the R-R intervals in

milliseconds for each heartbeat, a total time inconsistency occurred,
In other words, the £ R-R intervals for an{v given analog tape was not
equal to the difference between the start and end times of the digitizing.

The  R-R tntervals,was always short bjr' apprdxlmately 160 to 200 seconds

in every case. Therefore, a time correction factor was introduced to account

for this dlscrepancy.

(Dig. Time & R-R Time

,.T = R-R lnAs“oconds)

Time correction can be mtroducod ln one of two ways, either muluply oach ‘
R-R inurval by T. F. or mulupiy 1 minute (60000 msecs.) by 1/T. F., uma':y
making an oqulvalont aumto of sugmly less man 60000 msecs. Duc to
reducod «ror and calcuhuon umc, the htur mothod was und.
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Consider a typical minute of data as represented below:

ing

—V

Two ma}ér assumptions were made in summing R-R intervals:

(a) Assume that the beginning R wave of R- R1 falls

on the lst minute marker for minute 1 data.
(b) Assume that R-R belongs to the current minute -
beinq processed (ln this case. Mlnl)
When 2 R‘ 2 60000 T. F.. thonn-numbetof
RéR lnt‘:rIQals for that minute, iR ,
X‘or every succeodtng mtnute aftor the first, the "Remainder" is
taduded tn the smation of R-R's for the next minute. where

Remainder = s0000 - 7.7. - &

a8

'nunkn thc'gamul muan‘fu Mm, wherej- 1 2 3,... 1is whcn
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SLEEP STAGE CLASSIFICATION FROM PATTERNS
IN THE HEART RATE DOMAIN*

The data used for this area of research was the same as were used
for the main portlon of this report.

Each nlqht of data for each subject was ﬂrst analyzed separately
uslnq first classlﬂcatlon into six separate groups and then classification
into three groups. The slx-groups were awake, stages one through four
combined and stage one-REM. The three classification groups were group
one, stages awake, one, and one~-REM combined; group two, stage two;
and group three, combined stages three and four,

For each subject, two nights of data combined were used to form
dllcrlmlnant and classlflcatlon functions. The classtﬂcaﬂon functions so
formod were used to classify each of the remaining nlqhts records for that
subject. 'l'he data from these remaining nights were not used in forming the
cla ulﬂcatlon equatlons. Stnce the aotual staqe of each mlnute s sleep was
knovm, the accuracy of the predlcted cla sslflcatlon of the new data could
be evaluated

PRBLIMINARY PROCBSSING

Inttnl analysis of the raw boat by bcat hcart rate data was made by
pattern ucognttton, 1dcntlfqu as. thc banc pattorn untt a wave ducrlbed
by the heart rate (HR) Muu botwun and moludtnq succes sive local minima,

,u -ho\m m quuu I. Each mw, or cych in tho fom of an tnvcrtod V hu

8 rhm bd.o and flntn odu 'l‘lnn ldbu could bc doaruly dncnbod ln
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terms of a rouch measure of their length, the number of intervals between the

instantaneous HR values that make up the graph. Any edge of length five or

greater was considered to be only of length five. Each cycle then falls into

one of twenty-five categories of pattems as described by the lengths of the

rising and falling edges. There were five possible types (lengths) of rising

edges, and for each of these, five possible types of falling edges. Keeping

track of the different types of rising and falling edges separately from each

other as individual patterns themsclves yielded an additional ten patterns.
The algorithm counted the number of each of these pattems found

in each one minute epoch of data, giving thirty-five integer measurements

to describe each epoch. Taking each minute as a case assigned to a

group according to the EEG scored sleep stage of that minute, and using

the 35 measures as discriminating variables, the ability of these

variables to differentiate between the EEG scored sleep stages was

determined with a linear discriminant analysis routine.

FURTHER FEATURE EXTRACTION

‘The derivative of the heart rate record, the series of first differences,
was produced and subjected to the same pattern recognition and discriminant
analy.sls procedure.. Replacing each instantaneous HR value by the difference
between it and the pr_pvious value formed these differences, as follows:

; .'forls-l,n : -xnl-xl-xl-_‘l
wher.e:;_- XD, = first difference for value
* | of the current minute
X, = HR value for interval i

of the current minute

n = number of HR values in
the minute
X _o = the last value of the

im0
' previous minute
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Transforming the data in this way and performing the pattem recogni-
tion and counting operathns on it also yielded an additional thirty-five
measures to be used as discrimination variables for each epoch. Merging
the results of these two manipulations provided seventy measures for each

minute of sleep.

DISCRIMINANT ANALYSIS PROCEDURE

The linear discriminant analysis program from the SPSS* library evaluated
these measures as to their significance and ability to differentiate between
the groups as determined sleep stage. The discriminant analysis attempted
to make the groups as statistically distinct as possible by weighting and
linearly combining the 70 input measures. A number of discriminant func-
tions were formed from the weighting coefficients and standardized values of

the discriminating variables, in the following form:

Dl = dtlzl + dlzz2 $145 o5 +dlpzp

where : D1 = gcore on discriminant function i
d = weighting coefficient
Z = standardized values of discriminating variables

p = number of discriminating variables

Averaging the reﬁultlng scores for the minutes within a sleep stage group
gave a mean for each discriminant function for'éach sleep stage. A centroid
for each sleep lt&ge was formed from the means of all the discriminant
functions for that group. The centroid reprélqnted a point in an n-dimen-
sional space where n was the number of dlscrlmlnant functions used.

The ducrtmlnant routlne did not uu all of the seventy available varlables
but rcjoct.d thou whlch did not contaln any useful lnfonnatton. From the
various crltorla avauablo to ovaluate tho uumlnou of the variables,

.* Mlltlcnl Package for tho,Sochl Squnou - NIE, ‘NH, C.H. Hull, I1.G.
Jenkins, K. Sleinbrenner, D.H. Bent, McGraw-Hill, 1970, ISBN 0-07-046531-2

.-
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we chose to use Rao's V, a generalized measure of the overall

group separation or distance between centroids. A stepwise selection
procedure selected one variable at a time to be included in the analysis.
This procedure entered into the analysis the measure which in combination
with those variables already chosen best satisfied the statistical criterion
for inclusion, in this case, maximization of Rao's V. Using the selected
variables, the pooled within groups covariance matrix, and the centroids,

a classification equation was formed for each group, of the form:

Cl = cuVl+ chV2+ bt clpr+ cm

where: Cl = classification score for group i

c“ = classification coefficients

C,, = & constant

io

Vk = raw scores of the discriminating

variables

After examining each case and evaluating the classification scores for

all possible groups, the case was assigned to the group with the highest
cla;slflcatlon score, after the scores were adjusted for group size. Cases
were more likely to be assigned to larger groups. The group membership
of the case as determined by this method can be compared with the actual
group membership, which was used to form the equation in the first place.

RESULTS

' Table B-1 contains a summary of the classification results for each
individual night of data.. For each mght, the algorithm was used to

~ classify that night's data', sbomng the degree to which the variables were
capablo of dlfforontutlng botwun sleep stages. This was done using six
tndlvldual m.s ‘and thrn grotpo of stages. Tablo B-2 summarizes the
nultc o( tho ltunptl to un an llgorlthm tratnod on two nlghts of each
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| : SUMMARY OF CLASSIFICATION RESULTS

SINGLE NIGHTS INDIVIDUALLY

SIX GROUPS* THREE GROUPS*

SUBJECT LES NIGHT 1 81.5 83.7

SUBJECT LES NIGHT 2 76.1 74.0

SUBJECT LES NIGHT 5 73.7 75.4

| SUBJECT LES NIGHT 6 76.8 | 79.6

SUBJECT LES NIGHT 7 83.0 84.8

SUBJECT FER NIGHT 1 75.4 78.8

| SUBJECT FER NIGHT 2 69.7 70.2

; SUBJECT FER NIGHT 3 . 62.6 : 64.5
SUBJECT FER NIGHT 4 71.9 " 76.0 '

SUBJECT FERNIGHT§  67.4 72.5

!

SUBJECT OWN NIGHT 1 73.7 76.1

SUBJECT OWN NIGHT 3 72.4 74.3

| SUBJECT OWN NIGHT6  71.9 71.7

| £ SUBJECT OWN NIGHT 7 71.7 75.2

1 L Valu;l are the percent of epochs in 8 night classlfleq correctly.

TABLEB -1 | |
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SUMMARY OF CLASSIFICATION RESULTS

ALGORITHM TRAINED ON PREVIOUS NIGHTS

SIX GROUPS*

Algorithm trained on subject LES nights 1 and 2:

SUBJECT LES NIGHT.S 59.2
SUBJECT LES NIGHT 6 59.3

SUBJECT LES NIGHT 7 37.7

Alqortthm trained on sublect PBR niqhts 1 and 2;

SUBJECT rzn mcm BN 47.8
SUBJECT FER NIGHT 4 57.1
SUBJECT YR p’ig';nr"s 54.2

'Amnm mm on mmct OWN niqhts 1 and 3:
mcw own mm 6 e

THREE GROUPS*

67.9
67.4

49.3

52.6
64.0

62.9

57.8

100
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subject's data to classify the remaining data from that subject into sleep
stages. This was also done using both six stages and three groups of
stages.

DISCUSSION
Visual éxamtnatton of an instantaneous heart rate graph was made in
hopes of noting some consistent characteristic common to each stage, or
at least to suggest some parameters worthy of further study to determine
their value at discrimination between stages. The graph possessed a
definite cyclic characteristic, that is, three or four heart rate (HR) values
i would each be greater than the one before them, then the following two or
three would be slower. The most apparent changes between stages were
variations in the regularity and periodicity of the cycles. The lengths of the
_ rising or falling edges seldom exceeded four intervals, so no great amount of
information was lost by grouping together all edges of length five or greater
to be described as length five,
The linear discriminant program performed separate analysis on the q
thirty-five measures from the 'orlqlnal HR record and the thirty-five measures
from the derivative of the original HR record. The original HR record yielded
mediocre success at classtficatlon, and the measures from the derivative record
alone were generally about five per cent more successful, suggesting perhaps
S vthat it was a more fundamental quanttty. Selecting the best variables from {
the comblned pool of both sets of measures produced further gains in accuracy,
so both were used in the final analy.u, whose results are shown in thures
B-1 and B-z. - _ ~. ' {

CONCLUSION ‘ ‘ ' ' X |
‘A numbor of p.ychophylloloqtcal measures vary greatly durlnq a

night of sleep in humans. 'rhouqh thou mouuru ‘are somewhat mdopondont,
thoy tond to occur in pcrttcular rolattomhlp to oach othcr, etvtng ruo to
tho tdontmcatton and doﬂnmon of otnqn of -loop. thh tho ltaqu doﬂmd

4
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by characteristics of the EEG and EOG as they were in this study, the heart
rate signal was found to contain information which at times seemed directly
related to sleep stage, and at other times seemed largely independent. The
degree of positive relationship between sleep stage and heart rate pattern
information was subject to much variation between subjects and in the same
subject from night to night. Since the classification of sleep into stages
from heart rate data was successful at a level greater than would be expected
by chance, we may conclude that the higher level centers responsible for what
we observe as stages do have some influence on heart rate phenomena. How-
ever, we do not have a basis for the assumption that the heart rate is at all
times influenced in a predictable muner by the EEG and EOG defined sleep
stages. The evidence seems to be to the contrary, with some suggesting

that the consgistency of relationship between any individual measure and
sleep stages may be mediated by variables as abstract as personality and
cognitive style. Further research will be necessary to determine whether
more relevant information can be extfaéted from the heart rate signal or if

the difficulties currently encountered are an inherent part of the project.
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subjects and all the da m a third subject were used as test data. Subjects
LES and FER we d as training and test subjects, whlle subject OWN
supplie test data.

e reclassification of the two tralnlnq nights yielded accuracies of
51.30% and 63.68% for night one of LES and night one of FER, respectively.
Accuracies from the remaining data of subject LES yielded 60.11% to 66.50%,
of subject FER 45.99% to 63.68%. Subject OWN, whose data were not used in
any training, yielded accuracies from 52.27% to 58.60%. A\

We concluded from our study that the method of analy:l we developed

_and the results we obtained were sufficient to warrant furtheéy investigation.
We dld_achleve one ofvour primary goals; the reduction of cdst, volume, and
complexity in automated classification of levels of wakefulndss. We feel that
further development of an automated process algorithm for the¢ accurate deter-
mination of levels of wakefulness can be fulfilled in the foreseeable future.
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