
RucHomrswLav 
C0p)llght 0 1981 by The Sonety for Psychophvsiol~cal Research, Inc 

- ,1981 DlSCRl 

nights which immediately followed 1 labor 
t were used in the present analysis. Computer Measures of Sleep EEG Reliably Sort Visual 

Stage 2 Epochs by NREM Period of Origin 
2 consisted of 21 subjects in the 
(median age = 24.0 yrs) who partic 
of sleep patterns during and afte 
were studied for 3 consecutive 
ight (in bed from 11:OO p.m. to 7 
ded sleep (in bed 11:OO p.m. to 1 

night (in bed 11:OO p.m. to 7:a 
, d e r  details, see Feinberg, Fein, & Floyd, 

from the first four NREMPs on the extc 

G. FEIN, T.C. FLOYD, AND I. FE~NBERG 
San Francrsco Veterans Adminrstraiion Medical Center and University of Californa at San Franc60 

ABSTRACT are used in this report. 

Computer measures of sleep EEG were employed to test the hypothesis that waveforms in visually scored 
epochs of stage 2 differ systematically according to their NFEM Period (NREMP) of origin. The subjects were 
two groups of young adult males. Three waveform measures for each of five frequency bands were applied to 
u)-sec epochs of visually scored stage 2. The raw data were converted to standard scores, eliminating 
differences in means and variances, thus highlighting the trends across NFEMPs. Discriminant analysis re- 
v& systematic differences in waveform pattern according to whether the visually scored stage 2 epochs 
originated from NREMPs 1-4. The discriminant functions were validated by succesful p r e d i i  of NREMP 
of origin in the second sample. This result provides further evidence that change rather than constancy 
characterizes the EEG of human sleep. These data also illustrate the limitations of visual sleep stage scoring, 
which lumps together epochs of EEG which are reliably different. We suggest that the methods employed 
here will prove fruitful in the investigation of sleep as a function of age and in different clinical conditions. 

DESCRIPTORS: Sleep, Stage 2,  Waveform analysis, Discriminant analysis. 

Computer analysis of sleep EEG was initially 
directed mainly toward the development of auto- 
mated methods which would mimic human sleep 
stage scoring (Smith, Negin, & Nevis, 1969; Gail- 
lard & Aubert, 1975). Recently, investigators have 
applied computer methods to measure sleep EEG 
waveforms directly using Fourier or zero-cross (pe- 
riod) measures (Bickford, Brimm, Berger, & 
Aung, 1973; Smith, Karacan, & Yang, 1977; Fein- 
berg, March, Fein, Floyd, Walker, & Price, 1978; 
Dumermuth & Keller, 1973). Waveform analysis 
can provide information not available in sleep stage 
scores. For example, a reduction in stage 4 sleep 
caused by some experimental manipulation might 
result from a reduction in either the amplitude or 
the density or  delta wave activity, since both varia- 
bles enter into the visual classification of this sleep 
stage (Rechtschaffen & Kales, 1968). These possi- 
bilities can be distinguished with computer wave- 
form measurement. 

In visual scoring of sleep polygraph records, the 
observer makes a series of complex, pattern recog- 
nition decisions some of which have not yet been ex- 
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plicitly recognized. For example, the visual scorer 
seems to adjust to the decline in EEG voltage acrosh 
the night so that epochs classified as stage 2 at the 
beginning of the night have a quite different appear- 
ance from those classified as stage 2 at the end of the 
night. 

In the present investigation, we applied discrimi- 
nant function techniques to determine whether the 
changes across the night of EEG waveforms in 
epochs visually classified as stage 2 were systematic 
with respect to sleep cycle. We have found it useful 
to analyze NREM sleep according to its physiologi- 
cal units, the non-REM periods (NREMPs). We 
believe that a more precise description of the evolu- 
tion of sleep across the night will provide clues to the 
mechanisms and functions of human sleep. 

Method 

Su&jec& and Procedures 

The data for this study were derived from two indepen- 
dent groups of young normal adult males (N=20 and 
N = 21). 

The first group, designated Sample 1 ,  consisted of 20 
subjects who participated in a study of the effects of exer- 
cise on sleep. Ten subjects were long-distance runners and 
10 were age-matched, relatively sedentary controls (see 
Walker, Floyd, Fein, Cavness, Lualhati, & Feinberg. 
1978, for details). These subjects ranged in age from 18 to 
23 yrs with a median age of 19.7 yrs. The data from 2 base- 
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qqhts did not occur more than one time. The C3-A, EEG 
tad was recorded on a Vetter Model A tape recorder at 
,5116 IPS. Timecodes were written simultaneously on 
nth the polygraph and magnetic tape records. Data han- 
Iling was facilitated by a new system for encoding and tab- 
dation of visual sleep stage scoring (Fein & Feinberg, 
1979). This system employs optically scannable score 
heets for encoding of data which include sleep stage 
mings, eye movements, and body movement. The re- 
nds indicate the presence of transitory electrode artifact 
vhich might compromise the waveform analysis. It also 
mgnizes breaks in the time-coddpolygraph-page corre- 
pndence (which may be caused by paper snags, paper 
hanges, etc.), permitting an accurate record of the time- 
d e s  corresponding to polygraph pages in real time. The 
ystem permits us to tabulate computer measures accord- 
ng to artifact-free pages of record separately by visually- 
mred sleep stage for each NREMP. 

We previously demonstrated that the results obtained 
with baselinecross analysis show high within-subject con- 
ktency across nights within the two groups of young 
adults, described here, and also that the trends and a b  
hte values of delta activity across NREMPs were re- 
markably similar in these groups (Feinberg, Fein, & 
Floyd, 1980). The C,-A, lead was analyzed off-line at four 
h e s  recorded speed with our program for waveform 
analysis (see Feinberg et al., 1978, for a description of the 
program). Briefly, it analyzes EEG waves in specifiable 
trequency bands on the basis of both baseline crossings 
and zero first derivative counts. For each band, the 
analysis measures the number of half-waves, the time they 
m p y ,  their integrated amplitude, and their curvelengths ’ (m-of  peak-trough amplitudes). This output along with ‘ be identifying time-ade is recorded on LINC tape for 1 tach Dsec epoch. These data are transferred to industry- 
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compatible 9-track tape and brought to the IBM 370 sys- 
tem where they are merged with the visually scored data. 
The final output consists of the EEG waveform charac- 
teristics for each frequency band corresponding to each 
sleep stage within each consecutive NREMP. Only results 
for the baselinecrossing analysis are used here. 

Statistkal Analysis 

The raw data consisted of the baseline-crossing wave- 
form characteristics of stage 2 sleep for each of NREMPs 
1 4  for each night. The specific waveform data chosen for 
analysis included three variables for each of five frequency 
bands. The variables were: 1) average sample amplitude 
(total integrated amplitude/total time in band); 2) average 
wave frequency (total baseline crossings/;! x total time in 
band); 3) average time in band per Dsec epoch. These 
three variables were selected on an a priori basis because 
they represent the three main elements measured by our 
baselinecrossing analysis. Five frequency bands were 
used: 0.5-3.0,3.0-8.0,8.0-12.0,12.0-15.0, and 15.0-23.0 
Hz, making a total of 15 variablednight. 

Our goal was to detect patterns of EEG activity within 
the night that were consistent both across nights within a 
subject and across subjects. However, there exist large 
and consistent individual differences in sleep EEG wave- 
forms. These differences were controlled by normatizing 
each night’s data using the PROC STANDARD facility of 
the SAS statistical package (Helwig & Council, 1979). 
This program converts the values for each of the 15 varia- 
bles outlined above to standard scores with a mean of 0 
and a standard deviation of 1 for each night. This method 
permitted us to highlight the systematic trends by elim- 
inating the often large individual differences among sub- 
jects (and nights) in either mean values or variance. A dis- 
criminant function analysis was then carried out to deter- 
mine whether these normatized data could predict 
whether the computer-measured waveforms, all of which 
were scored visually as stage 2, originated from NREMPs 
1,2,3 or 4. 

The data available from Sample 1 consisted of 18 sub- 
ject-nights on baseline night 1 and 20 subject-nights on 
baseline night 2. Because we had more data on baseline 
night 2, we used that night’s data as the training set. The 
analysis was then carried out in the following steps: First, 
data from baseline night 2 of Sample 1 were processed 
through the SPSS Discriminant Analysis Procedure (Nie, 
Hull, Jenkins, Steinbrenner, & Bent, 1975) to find the 
best linear discriminant functions for discriminating the 
stage 2 epochs according to their origins in NREMPs 1-4. 
These discriminant functions were next tested on the other 
baseline night available from Sample 1. Excellent dixrim- 
ination was achieved, and we therefore attempted to vali- 
date the discriminant functions on a second, independent 
group of subjects (Sample 2). 

Results 
Development of Discriminant Functions 

Table 1 presents the mean values by NREMP for 
the first set of data (the “training set”) entered into 
the discriminant function analysis program. AS out- 
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Mean values b.v NREM period for computer measures of EEG activity in epochs visually scored as stage 2: 

Mean Values 
F W W ~ Y  

B& NREMPI NREMPZ NREMP 3 NREMP4 

A. Raw Values INon-Normatized) 

Amplitude 

data demonstrate the strongly co 3.0-8.0 Hz 10.87550 9.29279 8.73799 X.61 854 
X.&12.0 HZ 7.07066 6.63561 6.55lJxh 6.45747 of change within the night which e 
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15.0-23.0 Hz 3.23469 2.YY30.1 3.11)171 3.00381 I .u The Discriminant Analysis for baseline n 
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0.5-3.0 Hz 1.60730 I .52038 I.5hXJl 1.61464 6c. In backward stepwise selection, all of th 
3.0-8.0 Hz 4. 69868 4 . 7 w 4  4.73274 4.7IWfi9 variables are first entered as predictors and 
8.0-12.0 Hz Y.7033Y 9.70802 9.71642 9.72438 0.49 removed from the discriminant functioi 
12.0-15.0 Hz I3.28422 13.2X416 13.27387 13.27597 I . 2 i  stepwise manner so that the variable which 

utes least to the discrimination is deleted fin 15.0-23.0 Hz 1 7 . w u )  17.81082 17.82385 17.84339 1.03 

cordance with usual practice, variables wit1 
less than 1.0 were deleted from the disc 

0.S3.0 Hz I I .65735 12.18151 I 1.45665 I0.822W 3 , ~ '  ' functions. Only discriminant functions sign 
p<.25 were included in the classification pn 3.0-8.0 Hz 5 . 3 8 ~ ~ 3  4.78525 S.IW216 5.48IJx 

Two significant orthogonal discrimina 8.SI2.0Hz I .39705 1.45554 I .63798 I ,70346 4.311'. 
0.54729 0.56291 0,65453 0.696W h.3h"' 

tions were found. The first accounted for 74 12.0-15.0Hz 
15.0-23.0 Hz 0 . 5 w  0.58467 0.667%) 0.72612 7.45"' 

the second 22.0% of the linear discriminatii 
B. Normatized Values of the variable set. The third possible disc 

0..+3.IJHz I9.xhYXx I 8.9585 I 17.11033 15.92884 

Frequency 

TimelEpoch 

3.x7' 

Amplihuie hction accounted for only ;he remainir 
and was nonsienificant. The coefficient 

0.5-3.0 Hz 
3.0-8.0 Hz 
8.0-12.0 Hz 
12.0-15.0 Hz 
15.0-23.0Hz 

0.82414 
1.34193 

Y 

0.56191 -0.4l6X6 - l l ,Y6Y 19 59 x7---* standardized discriminant functions in Tab 
-0.05366 -0.64641 -0.hill86 I81 (MI**'* 

TABLE 2 17.1 I * ' ' *  -0.362(II 0.Y65.59 -0.25033 -0.342 I4 
0.72419 -0.48 107 -0.33394 I I .1wom2 1O.cI"" + 

0.65723 -0.28892 -0.215Y6 4.15235 h, ,. I 
Stundardized canonical discriminant function cc 

Frequency 
~ 

7 ,  M"" 0.5-3.0 Hz 0.55565 -0.91781 -0.lX624 0.5484 1 
3.0-8.0 Hz -0.29787 0.23841 0.38518 -0.32572 3 . w  
8.0-12.0 Hz -0.34774 -0.24571 I J. 17278 I I .  420h7 3.76' 

7 87. 12.0-15.0Hz 0.21828 0.32475 -0.26567 -0.27736 -. - 
15.S23.0 Hz 0.08X25 -0.32779 -0.02YW 0.26938 1.70 

Time/Epch 

0.5-3.0 Hz 0.17436 0. 8 1645 -0.05346 -0.93735 28.13"" 
3.S8.0 Hz 0.37247 -o.xi io0 -0.28(1)4 0.718~7 ZI.Yl'-" 
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15.0-23.0 Hz -0.64427 -0.57286 0.3086 0.91627 31.95"" 
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Time in Band 

Time in Band 
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Wave Frequency 
Time in Band 

Wave Frequency 
Time in Band 

60-12 0 Hz: 

12.0-15 0 Hz: 

15 0-23 0 Hz. 

-0.06566 
0.15839 - 

0.08015 

- 0 . w 5 x  - 

-0.218.13 
- O.30376 

0.03387 

0.03668 

0.11694 
-0.16559 

0.21308 
0.01894 

~- ~ 

lined above, these data were from Sample 1, base- 
line night 2. The means presented are for all (visu- 
ally-scored) stage 2 epochs in each NREMP; both 

the raw data (Table 1A) and the normatized values 
(Table 1B) are given. Examination of Table 1 re- 
veals two general patterns of change across 

No#. 8.Ck12.0 Hz sample amplihlde and wave 1 
well s 15.C~-23.0 Hz sample amplitude were elimni 

t functions by the backward stepwse selec 
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Two significant orthogonal discriminant func- 
lions were found. The first accounted for 74.7% and 
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637'96 I 70U6 4 30" 
h W 7  0 hYhW 6 36"' 
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of the variable set. The third possible discriminant 
function accounted for only the remaining 3.3% 
and was nonsignificant. The coefficients-of the 

-0.9691') 59.X7""' standardized discriminant functions in Table 2 indi- 1 hX6 

%I -0.MlX6 1X2.00"" 

TABLE 2 4214 -0.3620 I 17.41"" 
3394 O.(HJX2 10.44"" 
1596 -0.15235 , 4*, , Standardized canonical discriminant function coefficients 

Discriminant Dirriminnnt 
lar iabh  Function1 Function2 

$624 0.54X41 34.XX'"' 
851X -0.31572 3.yo' 

567  -0.27736 2.X2' 
7278 O.JZ(K7 3.76' 

!9M 0.2h93X 1.70 

i346 -0.9373s 28.13"" 

,468 0.7x.142 24.0.1"" 
895 0.86613 36.42"" 
ox6 0.91627 3 1.95' * *' 
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(Table 1A) and the nomatized values 
re given. Examination of Table 1 re- 
:eneral patterns of change across 

15-3.0Hz: 
Sample Amplitude -0.06566 0.54570 

Time in Band 0.0XO15 1.2298'9 
Wave Frequency 0.15839 -0.55966 

?O-K.OHz: 
Sample Amplitude 
Wave Frequency 
Time in Band 

Time in Band 

Sample Amplitude 
Wave Frequency 
Time in Band 

Wave Frequency 
Time in Band 

6.0-12.0 Hz: 

124-15.0 Hz: 

15.0-23.0 Hz: 

-0.99958 
- 0.22843 
-0.30376 

0.03387 

0.03668 

0.11694 
-0,16559 

0.21308 
0.01894 

-0.25347 
0.29645 
0.68366 

0.68123 

-0.2785 1 
0.50775 

-0.48420 

0.03996 
0.43377 

Note. 8.&12.0 Hz sample amplitude and wave frequency, as 
well as 15.0-23.0 Hz sample amplitude were etiminated from the 
dmminant functions by the backward stepwise selection process. 
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cate the relative contributions of the different varia- 
bles to the two discriminant functions. Figure 1 
presents the canonical discriminant functions evalu- 
ated at the means for NREMPs 1-4. It is apparent 
that discriminant function 1 (DFI) mainly reflected 
the monotonic changes across NREMPs 1 4  which 
were most pronounced between NREMPs 1 and 2 
and tended to plateau in NREMPs 3 4 .  The 
strongest contributor to DF1 is amplitude in the 
theta band (3.0-8.0 Hz). Discriminant function 2 
( D E )  measures the changing percentages of time 
occupied by the different frequency bands. For ex- 
ample, time in band of delta (0.5-3.0 Hz) was the 
major contributor to DF2. Inspection of the nor- 
matized time in band values for 0.5-3.0 Hz in Table 
1B indicates that delta time increased from 
NREMP 1 to NREMP 2 and then decreased across 
NREMPs 3 and 4. NREMP 3 values are below the 
levels of NREMP 1. As mentioned above, DF1 ac- 
counts for over three times the discriminating power 
as compared to D E .  

Table 3A presents the classification which re- 
sulted when the discriminant functions were applied 
to the same data on which they were developed 
(Sample 1, baseline night 2). Eighty-six percent of 
the cases are correctly classified (Kappa= 317, 
p<.OOOl) (Fleiss, 1973). Figure 1 displays, for each 
individual NREMP, the computed values of the two 

Canonical Discriminant Function 1 

8+ \ /I 
= I \  / I  

Y 

" 1  0 -4 

4 I 
-8 I 

-8  -6 - 4  -h b d 4 6  

Figurr 1. Territorial map of Sample 1, baseline night 2, in- 
dicating the prediction of NREMPs based upon discriminant 
functions 1 and 2. The four areas (labelled 1 to 4) denote pre- 
dicted NREMPs. The asterisks mark the centroids for each 
NREMP. Thus, the asterisk within area 2 represents the mean 
for all NREMP 2 data. The individual data are shown by sym- 
bols indicating the NREMPs of origin. This figure illustrates 
that NREMP 1 is well separated from NREMPs 2-4 and that 
the greatest rnisclassification occurs between NREMPs 3 and 
4. 
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TABLE 3 
Classijication of data using discriminant function from 

Sample 1. baseline night 2 

classifications obtained when the discriminant func- 
tions were tested on the normatized data from Sam- 
d e  2. The classification was remarkablv amrate. 

Mean values of EEG van 

kith 82% of the stage 2 NREMP averages correctiy 
assigned to the NREMP from which they were de- 

A. Results for Sample 1, Baseline Night 2 
Predicted NREM Period 

A c t 4  NREM Period 1 2 3 4 A. I :* Discussion 
NREMP 1 20 0 0 0 
NREMP2 0 19 I 0 
NREMP 3 0 2 I4 4 
NREMP4 0 0 4 16 
Percent of NREMPs Correctly Classified: 86.25% 

Kappa = .817.p<.0001 

This investigation demonstrates the need for nu- 
merical quantification of the EEG during sleep. The 
method of analysis we employ revealed systematic 
changes in what was characterized by the visual 
scorer as the same. These patterns were sufficiently 
consistent to permit highly accurate predictions in 
two independent samples. 

In interpreting the discriminant functions, we 
must consider the differences among visual scoring. 
baseline-cross, and spectral analysis. Baseline- 
crossing analysis measures only EEG waveforms 
that cross the baseline; the frequency characteristics 
of superimposed waves are ignored, although they 
affect measures of amplitude and curvelength. For 
this reason, baseline-crossing data will differ from 
those yielded by power spectral or fourier analysis. 
which estimate all of the frequency components in 
the complex waveform. A second consequence of 
the baseline-crossing analysis we employed is the in- 
terdependence of the time in band and the number 
of waves measured (i.e., increases in any one band 
necessarily are accompanied by decreases in some 
of the other bands since the total time in the epoch 
analyzed is constant). 

0.5-3.0 Hz 21. 
3.0-8.0 Hz 11. 

7. 8.0-12.0 Hz 
12.0-15.0 Hz 5 .  
15.0-23.0 Hz 3. 

i 

B. Results for Sample 1. Baseline N i t  I 
PredictedNREMPeriod 

0.5-3.0 Hz 1 
3.0-8.0 Hz 4 
8.0-12.0 Hz 9 

13 12.0-15.0 Hz 
15.0-23.0Hz 17 

ActdNREMPeriod 1 2 3 4 

NREMP 1 18 0 0 0 
NREMP2 1 14 2 1 
NREMP 3 0 0 12 6 
NREMP-4 1 0 2 14 
Percent of NREMPs Correctly Classified: 81.69’3 

Kappa = .756,p<.0001 
0..5-3.0 Hz 11 
3.0-X.0 Hz 5 
8.0-12.0 Hz I 
12.0-15.0 Hz 0 
15.Ib23.0 Hz 0 

discriminant functions together with the predicted 
NREMPs based upon the discriminant functions. 
This figure illustrates both the clustering of the data 
and the severity of misclassification errors. NREMP 
1 shows the greatest separation from the others; the 
highest frequency of misclassification is between 
NREMPs 3 and 4. 

These discriminant functions were applied to the 
data from the other night on these same subjects. 
The classification is presented in Table 3B. Eighty- 
one percent of the cases are correctly classified 
(Kappa = ,756, p<.oOOl). This result demonstrates 
that the discriminations among NREMPs 1-4 can 
be effectively generalized across nights within the 
same group of subjects. 

Validation of Discriminant Functions 
The critical test of a discrimination procedure is 

whether it will accurately predict class membership 
in a sample of subjects different from that used to 
derive it. This test was applied when the discrimi- 
nant functions derived from Sample 1 were tested in 
Sample 2. Table 4 presents the mean values by 
NREMP for each variable for NREMPs 1 4  on the 
extended night in Sample 2. These can be compared 
to the corresponding data for Sample 1 (Table 1). 
The differences in mean values between the two 
samples (as shown in Tables 1A and 4A) are greatly 
reduced by the normatizing procedure (Tables 1B 
and 4B). 

Table 5 and Figure 2 present the validation 

0.5-3.0 Hz 0 
3.0-8.0 Hz I 
8.&12.0Hz 1 
12.0-15.0 Hz 1 

c 15.0-23.0 Hz Canonical Discriminant Function 1 

(Y I \  / I  q LL 3 

1 05-30Hz c 
3 u-X.0Hz 4 

I 8.0-12.0Hz 
12.0-15.0 Hz ( 

15 0-23 0 Hz ( 4 1 0  1 
8 5 7 -2 0 5-3.0 Hz ( 

3 0-8.0Hz ( 

80-120Hz 4 
12.&15.0 Hz 4 
150-230Hz -I 

There is an interaction between visual 
pter analysis which is present in the resu 
DE, in which the first NREMP has low 
delta than NREMP 2, probably reflects th 
m NREMP 1, much of the high amplitudl 
tivity is scored as stages 3 and 4 rather th: 
2. For this reason, the NREM EEG cl 

I 
l i k  

FsBprr 2. Territorial map of discriminant functions gener- 
ated on Sample 1, baseline night 2, with the actual data of the 
cross-validation sample (Sample 2) superimposed. This figW 
illustrates that prediction on the cross-validation sample is ex- 
cellent. 
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jbtained when the discriminant  fun^- 
ed on the normatized data from Sam- 
ssification was remarkably accurate, 
e stage 2 NREMP averages c o r r d y  
: NREMP from which they were de- 
= .762,p<.0001). 

Discussion 

8.0-12.OHz -0.82585 -0.18h72 0.05194 0.96063 

15.0-23.0 Hz -0.46178 -0.44490 0.02731 0.87937 
4 12.0-15.OHz -0.69790 -0.27994 0.08750 0.89035 
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r: TABLE 4 
Mean values of EEG variables by NREMperiod: Cross-validation sample 

FJW- 
Mean Values 

Epnds NREMP 1 NREMP 2 NREMP 3 NREMP 4 

A. Raw Values (Non-NormPtlzedJ 

691 
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TABLE 5 
Cross-validation on Sample 2 using discriminant fitnction 

developed on Sample I, baseline night 2 

Predicted NREM Period 

AduslNREMPeriod I 2 3 4 

NREMP I 21 0 0 0 
NREMP 2 0 16 3 7 

NREMP 3 0 3 17 I 
NREMP 4 0 0 6 15 
Percent of NREMPs Correctly Classified: 82. IJrk 

Kappa = .762.~<.0001 

1- in part, interaction of the visual sleep stage 
scoring with the naturally occurring distribution of 
EEG sleep waveforms across the night. It must be 
noted, however, that DE! plays a major role in dis- 
criminating between the stage 2 activity of 
NREMPs 3 and 4, and that this discrimination can- 
not be attributed to a similar interaction of visual 
and computer measures. 

One of our most striking findings, in view of the 
highly similar appearance of NREM EEG in 
NREMPs 3 and 4, was the ability to discriminate re- 
liably between the stage 2 EEG from these 
NREMPs. One wonders whether stage 2 in 
NREMPs 4 and 5 also differs or whether the change 
in this pattern ceases and a plateau is reached. This 
question is of interest with respect to metabolic 
models of sleep and could readily be addressed with 
tbc current methodology. 

The usefulness of within-night normatization is 
dearly illustrated in the present study. Although the 
age of the cross-validation sample is slightly greater 
than that of Sample 1, and this age difference pro- 
duced expected shifts in the EEG waveforms (see 
Tables 1A and 4A for comparisons), when each 
p u p  is normatized within night, these differences 
aU but disappear (see Tables 1B and 4B). Thus 

within a typical subject (from either sample), the L. Period and WPhmde analysis0 
in NREM sleep of young adults. L 
hy & Clinlcal Neurophysiology, 1 

al methoih for rates and proportu 

pattern of stage 2 EEG across NREMPs 1-4 is re- 
liably the same when viewed from the perspective of 
the mean and variance of that subject’s stage 2 EEG 
waveforms. 

These. results add to the accumulating evidence 
that systematic change rather than constancy IS 

characteristic of human sleep. Biological phenom- 
ena of such high regularity are likely to reflect some 
fundamental process underlying sleep. We have 
previously speculated that the systematic changes in 

delta EEG waveforms across NREM sleep are 

which sleep reverses the effects of waking on the 
brain (Feinberg, 1!274). 

The results of this study have implications for 
further work and analysis. First, the bimodal pat- 
tern of DF2, which we believe is related to the 
greater proportion of stages 3 and 4 in NREMP I .  
suggests that stage 2 EEG in the presence of natu- 
rally occurring stages 3 and 4 is different from stage 
2 EEG which occurs in the absence of stages 3 and 4 
This suggestion could be tested by extending this 

tions in which stages 3 and 4 are altered. If the stage 
2 EEG under such conditions were in fact 
measurably different from that found in the present 
investigation, it would further underline the limitd- 
rions of visual sleep stage scoring in companng clini- 
cal and non-clinical conditions. 

Secondly, it would be of interest to apply the nor- 
matization technique to studies of the patterning of 
EEG waveforms across the night within subjects ot 
different clinical groups. Since it is already known 
that sleep measures in various clinical (normal and 
senile elderly, schizophrenics, certain groups of in- 

somniacs) groups will show different means and tar-  
iances, this technique can be used to determine 
whether the systematic trends across the night are 
affected as well. 

reflective of the unknown metabolic processes by 

(Manuscnpt received Decem 
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