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Abstract

Spontaneous cortical arousals in non-REM sleep increase with age and contribute to sleep
fragmentation in the elderly. EEG spectral power in the faster frequencies exhibits well-described
shifts during arousals. On the other hand, EEG activities also exhibit correlations, which are
interpreted as an index of interdependence between distant cortical neural activities. The
possibility of changes to the interdependence between cortical regions due to an arousal has not
been considered. In this work, using previously recorded C3A2 and C4A1 EEG signals from two
groups of adults, middle aged (42-50 years) and elderly (70-80 years) women, we examined the
effects of spontaneous arousals in NREM sleep on cortical interdependence. We quantified the
auto- and cross-correlations in these signals using mutual information and characterized these
correlations in periods before the onset and following the end of arousals. The pre-arousal period
exhibited significantly higher interdependence between central regions than that following the
arousal in both age groups (middle aged: p =0.004, elderly: p<0.0001). Also, for both EEG signals
the auto mutual information had a faster rate of decay, implying lower signal predictability,
following the arousal than prior to it (Both age groups, p<0.0001). These results indicate that the
state of the cortex is different after, compared to before, the arousal even when the spectral power
changes characteristic of an arousal are no longer visible. The findings suggest that the state
following an arousal characterized by lower interdependence may resemble a more vigilant period
during which the system may be vulnerable to more arousals.
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1 Introduction

Aging, sleep and the interaction between the two have been key fields of research in sleep
medicine and health care for many years (Agnew, et al., 1967, Feinberg 1974, Ehlers and
Kupfer, 1989). Characteristics of declining sleep quality such as daytime sleepiness, and
impaired cognitive and psychomotor function, are commonly reported in the elderly
(Bliwise 1993, Blackwell, et al. 2006). Chronic medical or psychiatric health conditions and
complications such as sleep disordered breathing (SDB) and periodic limb movement
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disorders (LMD) are also prevalent in this population which may, to a great extent, explain
the reported objective and subjective measures of poor sleep quality (Smith and
Haythornthwaite 2004, Neikrug and Ancoli-Israel 2009). However, evaluations of
polysomnogram recordings (PSG) from healthy subjects ranging in age from young to non-
complaining elderly have identified lower sleep efficiency and total sleep time, less slow
wave (restorative) sleep, and shifts in the EEG power spectrum apparently unrelated to
medical conditions in the older subjects (Carrier, et al. 2001, Dijk, et al. 2001, Vitiello, et al.
2004, Bruce, et al. 2009). Hence while it is unclear whether age by itself causes sleep
degradation in the elderly, it is generally accepted that sleep quality parameters show a
declining trend with age.

Arousals (AR) which represent brief episodes of awakening during sleep are believed to
contribute to sleep fragmentation, especially in older populations, which in turn may cause
reduced sleep time (Bonnet, et al. 2007a). According to the definition by the American Sleep
Disorders Association (ASDA), an EEG arousal is an abrupt shift in frequency towards
faster frequencies such as theta, alpha or beta exceeding 16 Hz but not spindles and lasting
between 3 and 15 sec (ASDA 1992). ARs frequently manifest following respiratory
disturbances such as apneas and hypopneas, or movements. However, idiopathic or
spontaneous arousals occur in sleep of people of all ages. In a study on such physiological
arousals with subjects ranging from 10 to over 60 years in age, Boselli et al. (1998)
established a significant increase in the number of arousals in nonREM (NREM) stages 1
(S-1) and 2 (S-2) with age. This fact coupled with observed measures of poor sleep quality
suggest that excessive occurrence of arousals may be contributing to sleep fragmentation in
the elderly (Bonnet and Arand 2007b).

Spontaneous arousal events represent changes in cortical activation due to brief episodes of
sleep disruption alone. The power of the EEG spectral bands delta, theta and alpha is subject
to changes just prior to and during AR events when compared to background activity (De
Carli, et al. 2004, Togo, et al. 2006). While the delta band showed an increase in power prior
to and a decrease during an arousal, the faster theta, alpha and beta bands increased in power
during the arousal. Spectral power changes in individual neural activities may be
accompanied by changes in the interactions between them. The functional organization
between cortical regions following the arousal may be strikingly different from that existing
during a typical sleep stage in the absence of, or prior to, the occurrence of such an event.
The interdependence between EEG signals is interpreted as a measure of the coupling or
connectivity between cortical regions underlying them (Stam, 2005). Recently, slow wave
synchronization between brain regions during sleep and its link to cognitive processing has
been hypothesized (Huber et al., 2004; Ferri et al., 2005). The significance of inter-
hemispheric interactions during sleep and increase in slow wave coherence following
enhanced sleep pressure suggest a functional and active role in sleep homeostasis and
regulation (Tononi and Cirelli, 2003, Vyazovskiy, et al., 2004). Hence, examining the
dependencies between signals from spatially distant cortical sites provides valuable
information about the effect of arousals on dynamical interactions between the underlying
neuronal networks.

Investigating the coordination of underlying neuronal populations and how it is changed by
arousals requires the application of multivariate methods to EEG signals. Different measures
of connectivity have been introduced and applied extensively to assess the interdependence
between brain regions from neural signals in the context of normal waking, sleep, task
oriented and pathological brain conditions (Pereda, et al. 2005, Stam, 2005 and references
therein). Mutual information (MI), an information-theoretic measure of dependence between
signals has found wide application in understanding the information transfer across brain
regions under varied conditions of normal and pathological brain functioning (Jeong, et al.
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2001, Na, et al. 2002, Na, et al. 2006). Characterizing both linear and nonlinear dependency
between two signals, mutual information gives a measure of the amount of information
about one signal contained in the other (Fraser and Swinney, 1986). Hence, when applied to
two EEG signals, M1 gives a measure of dynamical coupling between them. When used to
compare a single signal with itself, (auto mutual information, AMI), the rate of decay of Ml
with time represents how quickly the information is lost from the signal.

In this paper, we report on the effect of spontaneous arousals in non-REM S-2 and S-3 on
the interdependence between central regions by applying the MI measure to sleep EEG
signals recorded from middle aged (MA) (42-50 years) and elderly (ELD) (71-86 years)
women. Our primary objective was to investigate the effect of spontaneous ARs on the
connectivity of cortical regions and to test for differences in the behavior of the
interdependence between the two age groups. Since an arousal is defined as an abrupt
change in signal frequency and thereby a cortical activation, we hypothesized that an AR
may cause a lowering in cortical co-ordination which persists after the termination of the
arousal.

The study was conducted on previously-existing polysomnogram (PSG) EEG datasets
obtained from the NIH-sponsored Sleep Heart Health Study (SHHS) (Quan et al. 1997). The
PSG data were recorded using Compumedics P-series Sleep Monitoring system and
included: EEGs recorded from leads C3/A2 and C4/A1, a right and a left electro-oculogram
(EOG), a bipolar submental electromyogram (EMG), electrocardiogram (EKG), nasal
airflow, respiratory excursions of the thorax and abdomen, and finger pulse oximetry. The
EEG signals were filtered between 0.48 — 30 Hz with sampling frequency 125Hz. Sleep
staging was scored by SHHS personnel at 30 s intervals based on the Rechtschaffen and
Kales criteria (1968), and apneas, hypopneas and arousals were marked on the PSGs. From
the SHHS database, we initially selected 20 middle-aged (MA) and 20 elderly (ELD)
Caucasian women for the present work. Due to contamination of the second EEG channel,
one subject in the ELD group was excluded from the analysis. These women did not have
clinically-diagnosed sleep-disordered breathing or a history of stroke, were not taking any
medications known to interfere with sleep, and did not take frequent naps during the
daytime. None were current smokers. Table 1 gives the relevant information for the subjects
included in this study.

2.2 Determination of arousal time and duration

Arousal scoring from polysomnogram data is usually based on the guidelines of the Atlas
Task Force report published by the ASDA (1992). However, this process remains to date
very subjective with low inter- or even intra-scorer reliability scores of AR detection
(Drinnan, et al. 1998, Whitney, et al. 1998). Indeed, this method is adequate for the purpose
of counting the arousal occurrences in the whole PSG record to compute parameters such as
the arousal index. However, for the objectives of this work where understanding the changes
occurring just prior to and following an AR were the focus, a robust procedure that helped
mark the AR onset and termination times with accuracy was imperative. Briefly, our method
relies on the definition of an EEG arousal as a sudden shift of EEG power to higher
frequencies and is described in the Appendix in detail. We analyzed scorer marked (based
on ASDA arousal scoring criteria), isolated ARs from each subject record that were at least
40 s away from apparent events such as other arousals, apneas, hypopneas and movement. In
general, our onset times were within 2-3 seconds of those marked by the scorers. Figure 1
presents the detection of an AR from the EEG signal using our algorithm.,
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2.3 Mutual Information

Mutual Information, a metric derived from information theory, quantifies the information
gained about one random event from observations of another (Fraser and Swinney 1986,
Abarbanel, et al. 1993). It measures the linear and nonlinear dependencies existing between
two sets of data. Hence, Ml is often regarded as the nonlinear counterpart of the standard
correlation function. The MI function can be applied to two time series as the Cross Mutual
Information (CMI), or to a single data series (Auto Mutual Information, AMI).

Consider X ={x;} and Y ={y;} representing two sets of random observations with probability
distribution of amplitudes given by Py (x;) and Py (y;), respectively. The average amount of
information gained from measurements of X according to Shannon information theory is,

H(X)= = > Py (xi) logP,(x;)

This is the a priori uncertainty in X existing before any measurements are made. The
conditional uncertainty in a measurement of X, given that y; is the measurement made in 'Y,
is H (X]Y =y;j). The mean conditional uncertainty in measuring X under the condition that Y
is known is then

H(XIY)=— Y P,(y)) HXIY=y,)=H(X,Y) - H(Y)
Vi (2)

H(X, Y)== ) Py, (xiy)) logl Py (x: )]
where, X

The mutual information (MI) between X and Y quantifies the reduction in the uncertainty of
X by measurements made on Y and is given as

MIX,Y)=H(X) - HX|Y)=HX)+H(Y) - H(X.Y) 3

Using the equations (1) and (2) for single and joint entropies, the Cross Mutual Information
(CMI) in (3) can also be expressed as,

CMI(X, Y)= )" Py, (xi;) log (

XinY j

ny(xi,)’j) )

P ()P, () "

Usually, the logarithm in the above relations is taken to the base 2 and information is then
expressed in units of bits. By estimating the CMI for signals lagged in time, the CMI can be
obtained as a function of the time lag between them. This function gives the average number
of bits of X that can be predicted by making measurements of Y.

The estimation of the probability functions in (4) poses a hurdle in estimating the Ml
function from time series data. Different methodologies have been proposed for Ml
estimation ranging from the histogram-based to nearest neighborhood estimation of the joint
probability function (Cellucci, et al. 2005,Papana and Kugiumtzis 2008). In this work, the
histogram method was used to estimate the MI over varying time lags of the signal. The Ml
value by this method is critically dependent on the choice of the number of bins. Too few

Int J Psychophysiol. Author manuscript; available in PMC 2011 August 1.



1duasnuey Joyiny vd-HIN 1duasnuey Joyiny vd-HIN

1duasnuey Joyiny vd-HIN

Ramanand et al.

Page 5

bins will lead to an underestimation of the value, while choosing a very large number to
form the histogram leads to an overestimation of the MI estimate. For the data sets that we
were analyzing, use of 16 bins was found to give stable estimates of CMI and this number
was used through the entire analysis. The CMI function was estimated over time lags of
—0.4 s to 0.4 s between the signals. To quantify the interdependence between two signals,
the average CMI over a time lag of —0.2 s to 0.2 s (by which time the CMI had fallen to
baseline level) was calculated. The variation of the interdependence over time with respect
to the AR was further investigated by dividing the 30 s periods of pre- and post arousal
segments into 3 non-overlapping segments of 10 s each and computing the mean CMI for
these segments by the method described above. This analysis was intended to obtain
information on the time scale over which changes in interdependence relative to the AR may
be occurring.

Analogous to the definition of the CMI, the Auto Mutual Information (AMI) function tells
how many bits on average about a given signal may be predicted by measurements on the
time-advanced version of itself. The AMI between X(t) = {x;} and X(t+1) = {Xj+.} is,

Py (x(D), x(1+7))
Py (x(0))Py (x(t+7))

AMI (X(1), X(1+7))= Z Py, (X(1), X(+7)) log(

Xt Xt+r

(5)

In the case of AMI, the rate at which information decays with time is an inverse measure of
the predictability of the signal. A higher rate of decay is associated with a quicker loss of
predictability of the signal (Abasolo, et al. 2008). The behavior of the AMI curve for the
EEG signals prompted us to fit it with an exponential function of the form,

AMI(t)=cy+cre M cos’2nf ¢ 1) (6)
where X is the decay rate and f; is the central frequency of the signal. The damped squared
cosine equation for Ml function is a natural generalization of the damped cosine model for
the autocorrelation function of signals. In the case of the broadband data where effects from
all the spectral bands are present, the AMI curve was fit in the least squares sense using,

AMI(t)=co+c1e with cos’(2n f (1)=1 )

With this definition, we may say the central frequency for the broadband signal is the
sampling frequency.

2.4 Surrogate data Analysis

The MI quantifies the linear and nonlinear correlations in the signal. The question of
whether the estimated CMI detects dependencies other than linear ones between the sleep
EEG signals is answered by applying the method of surrogate data analysis (Theiler, et al.
1992, Schreiber and Schmitz 2000). Although the MI between independent signals is zero,
the finite size of a data set often causes this lower bound to be greater than zero. The
methodology we followed to establish the significance of the CMI values and nature of the
interdependence is similar to that of Pereda and coworkers (2001). In this two step
procedure, first univariate surrogates, St, that retained the linear properties of one of the
signals, say E, were generated by the iterated amplitude adjusted Fourier transform
(IAAFT) method. The CMI between each of these surrogates and the other EEG signal, E2,
was computed. In the case of true interdependence between EL and E2, M1 (E1,E2) will be
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always greater than MI (S1, E2), because the surrogates are non-correlated with E2. For the
pairs of signals for which significance was thus established, bivariate surrogates, (S,)! and
(S,)?, that preserved the linear properties of each of the signals and also the linear cross-
correlation between them, were generated by the iAAFT method for the multivariate case. If
the signals have nonlinear correlations between them, then the M1 between the original
(EEG) signals will be greater than that of the surrogates. This difference was detected using
a rank order test at a pre-specified significance level, (1 — a) x 100 %. For the one-sided

1
tests in both the univariate and bi-variate cases, we generated M= (; h l) surrogates.

1
Including the original EEG segments, this gave an ensemble of | , | data sets. The
probability that the measure for the EEG signals is the largest in the ensemble of CMI values
due to chance is then exactly a. With a = 0.05, the significance level was 95% and M= 19
surrogate sets were generated for the analysis in both cases. As the time lag increased, the
EEG signals became more de-correlated, giving small values for the CMI. In the final step
we required that the estimated M1 for the EEG signals be greater than that for the surrogates
for at least 60% of the time lags considered. This condition thus ensured that the higher
values of MI due to the interdependence between the signals that was present at short time
lags was included in assessing the nature of the interdependence. The tests of significance
conducted between the mean CMI and CMI functions of the EEG signals and the surrogates
are illustrated in Figure 2.

All the software for the signal analysis including AR onset detection, MI and surrogate
analysis was developed and carried out in MATLAB v 7.5.0.342 (R2007b).

2.5 Statistical Analysis

The MI data compiled from analyzing the EEG signals relative to pre-arousal (pre-AR) and
post-arousal (post-AR) segments were analyzed separately for the MA and ELD groups to
identify statistically significant changes in the interdependence prior to and following an
arousal. All statistical analyses were conducted using SAS 9.2 software (SAS Institute Inc.,
Cary, NC). The PROC MIXED analysis was used to design a one factor analysis with two
repeated measures. This model was applied to the mean CMI data from the 10 s interval
based analysis, with two fixed factors, STATE (2 levels): pre-AR and post-AR and TIME (3
levels) nested within STATE to test the hypothesis that the mean CMI did not change
significantly between the pre-AR and post-AR states. The 3 levels of TIME corresponded to
the 10 s period closest to the AR, the mid 10 s interval and the farthest 10 s interval relative
to the AR on the pre- and post-sides. In the case of the measure (mean CMI or AMI decay
rate, 1) calculated over the whole 30 s interval, the only fixed factor was STATE. Since the
number of arousals from each subject was different, the index for each arousal, AR_ID, was
nested within the subject, SUBJ_ID. Variance components pertaining to SUBJ_ID, AR_ID,
SUBJ_ID by STATE, AR_ID by STATE and SUBJ_ID by STATE(TIME) were included as
random factors in the model. The Satterthwaite approximation was used to estimate the
degrees of freedom. For the measure of mean CMI over 10 s intervals, a post-hoc Dunnett
test comparing the measures at each time point with a baseline level was performed. The
baseline level was chosen as that corresponding to the farthest 10 s interval in the pre-AR
state. This analysis thus indicated at which time points a significant change to the
interdependence occurred with respect to the (arbitrarily) chosen baseline interdependence
level that was existing prior to the arousal. For all the analyses, the significance was defined
for p<0.05.
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3.1 CMI analysis of EEG

EEG signals of 30 s duration from pre- and post-AR intervals were used to estimate the
cross mutual information between them. CMI was estimated as a function of time between
the two EEG signals over lags (advance) of —0.4 to 0.4 s. The CMI as a function of time lag
for a pre- AR segment from a MA subject is presented in Figure 3. The CMI function was
observed to decay to baseline values within lags of 0.2 s between the signals. Hence, the
mean CMI over a period of —0.2 to 0.2 s centered on the peak in the CMI function was
chosen as a measure of the interdependence between them. This also ensured that changes in
CMI due to values of lag (or advance) between signals other than the zero lag, were also
taken into account in quantifying the interdependence. The dotted lines represent the CMI
estimated between the univariate surrogates of C3A2 EEG and the C4A1 EEG segment,
which form a significance threshold for the CMI function between the two EEG signals. The
maximum CMI at each time lag for the set of bivariate surrogates is also plotted. In this
case, the EEG segments exhibit higher values than the set of bivariate surrogates at over
60% of time lags between —0.2 to 0.2 s and hence cast doubt on the hypothesis of linearity
of the interdependence.

3.1.1 Dependence of CMI on spectral power: Simulation study—The observed
behavior of the CMI functions and the interdependence values led us to suspect a strong
impact of the low frequency delta band on the findings. A simulation study was undertaken
to investigate the effect of a dominant frequency band on the observed CMI values.
Bivariate normal random numbers with a correlation of 0.6 were filtered into the traditional
spectral bands, delta (0.2-4 Hz), theta (4-8 Hz), alpha (8-12 Hz) and beta (12-25 Hz). Each
EEG signal was simulated by adding the filter outputs after weighting them appropriately so
that the maximum power occurred in the delta band. The weights were selected from
random selections from a uniform distribution (Bruce et al., 2009). The CMI was estimated
over the same time lags used in this study. The mean CMI over —0.2 s to 0.2 s for each pair
of signals was plotted against the sum of the relative delta powers in the two signals (Figure
4 (c)) and fit with a straight line indicating an increase in the mean CMI as the delta power
increased (R2=0.77, p<0.001). Moreover, this trend was very strong for values of total
relative delta power >1 i.e., when at least one of the signals had over 50% of its power
attributable to the delta band.

In order to understand the effect of the dominant spectral band on mean CMI, the analysis
was repeated after bandpass filtering (BP filtering) the delta band component from the
simulated signals. The signals were bandpass filtered between 4 to 25 Hz using a fourth
order elliptic filter of peak to peak ripple of 1 dB and stop band attenuation of 30 dB. The
mean CMI was computed for the band pass filtered segments. In general with 2 signals, the
following cases of power distribution in the delta band can occur: (i) both signals have low
relative delta band powers, (ii) either or both have moderately high relative delta band power
(0.3< P5 < 0.7) and (iii) either or both have high delta band powers (Ps > 0.7). Considering
all the cases where at least one of the signals had relatively high delta band power (cases ii
and iii) we calculated the difference in mean CMI between the broadband and BP filtered
cases. A histogram of this difference is plotted in Figure 4(d). It was observed that the mean
CMI was reduced in a majority of cases when the delta band was removed. The few cases
where the mean CMI for band pass filtered segments was greater than that for the broadband
case can be explained in the following manner. If the second signal had low delta band
power to begin with, its power is concentrated in one or more of the faster bands. Once the
delta band is filtered out, the faster spectral bands become the dominant ones in the signal
due to which the CMI function may have a higher value at small lags causing the mean CMI
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to be higher. However in such a case, the CMI decays very quickly in comparison to signals
where the delta band is dominant (Figure 4(b)).

Hence, in our analysis of the sleep signals relative to AR events, the CMI analysis was
repeated after band pass filtering to remove the low frequency delta component (0.2-2Hz)
and restrict the signal to the relevant 2 to 25 Hz frequency range. Figure 3 (b) refers to the
same pre- AR segment as in Figure 3(a) and represents the CMI function after bandpass
filtering of the signals. The comparison of the changes in interdependence relative to the AR
from the broadband and band pass filtered (BP filt.) segments for 10 s duration analysis
helped identify changes in the CMI that may be attributable to the dominant low frequency
delta component in the sleep EEGs.

3.1.2 Interdependence measures: Analysis of Pre-AR and Post-AR intervals—
CMI of EEG signals corresponding to durations of 30 s from the period prior to and
following the termination of ARs were computed. The signals were then bandpass filtered
between 2 and 25 Hz to remove the dominant low frequency delta band component and the
CMI estimation was repeated. The CMI over shorter 10 s windows on the pre- and post-AR
sides for the broadband (BB) and bandpass filtered (BP filt.) segments were also computed
and the mean CMI calculated in each case. The analysis was carried out on 114 NREM
arousals in the MA group and 124 ARs in the ELD subjects.

Figure 5 summarizes the results for the interdependence between the central EEG signals
relative to spontaneous ARs for MA (top row) and ELD (bottom row) subjects. It was
observed from analysis of 30 s segments that the mean CMI was lower following an AR for
both MA and ELD subjects. In the case of MA subjects (Figure 5 (a)), the one factor
repeated measures design for the fixed factor STATE gave F (1, 7.62) = 17.26, p =0.004
indicating significant differences between the pre-AR and post-AR states for the broadband
data. After the band pass filtering, the differences between pre-AR and post-AR
interdependence values remained significant with F (1, 12.8) = 13.10, p= 0.0032. For the 10
s analyses, a second repeated factor, TIME, was nested within STATE. The analysis
indicated significantly lower interdependence following an AR compared to before
(STATE: F (1, 9.99) = 26.45, p = 0.0004) and there was also a significant difference across
time (TIME: F (4, 48.3) =4.77, p = 0.0025). To investigate the effect of the time window on
the interdependences, a Dunnett test comparing the mean CMI values at each time point to
the interdependence value at the farthest 10 s interval on the pre-AR side was performed.
The closest 10 s interval to the AR prior to it and the closest 10 s window to the AR
following it showed significant differences from this chosen base line level (Figure 5 (b)). In
the case of the 10 s analyses, after filtering out the low frequency delta, both the fixed
factors were significant with pre-AR state having higher interdependence than the post-AR
state (STATE: F (1,12.9) = 17.98, p=0.001 and TIME: F(4,64.3) =3.17, p=0.019). The
Dunnett test revealed a significantly lower mean CMI in the first 10 s interval following the
AR when compared to the baseline level. Interestingly, the higher CMI observed in the
closest 10 s prior to the AR was no longer significantly different from the baseline level on
the pre-AR side.

In the case of the ELD subjects, the statistical analysis of the 30 s mean CMI values showed
significant differences between pre- AR and post-AR states (STATE: F(1,123) = 27.4,
p<0.0001) with higher interdependence in the pre arousal state. For the bandpass filtered
case, this difference was no longer significant (STATE: F (1,123) = 1.19, p = 0.28). For the
10 s analyses of the interdependence between broadband signals, only the STATE factor
was significant indicating higher CMI in the pre-AR state than in the state following an AR
(STATE: F(1,38.8) = 40.63, p<0.0001; TIME: F(4,38.8) = 1.76, p=0.16). On the other hand,
the bandpass filtered signals whose time resolved interdependence values were statistically
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assessed indicated significant difference for the STATE (F (1,123) = 6.75, p = 0.01) and
across TIME (F (4,492) = 2.95, p = 0.02). In this case, the Dunnett test identified
significantly lower CMI at the first 10 s interval following the AR when compared to the
baseline of the mean CMI at the farthest 10 s interval from the AR on the pre-AR side
(Figure 5 (c, d)).

Finally, we analyzed the summed power in high frequencies (theta + alpha + beta) of the
EEG signal, which was used to mark the onset and termination of arousals, to check whether
it had returned to its pre-arousal values in the post-arousal period. A paired t-test for this
spectral measure averaged over 30 s showed a significant decrease post-arousal in
comparison to pre-arousal for both age groups (MA: t=6.45, p<0.001 and ELD: t=3.92,
p<0.001). Table 2 presents the Mean + SD of the power measure for this analysis.

3.2 Analysis of AMI decay rate of the central EEG signals

The AMI gives the average amount of information of the signal with the time lagged version
of itself. Hence, the rate of decay of the AMI function is a measure of how quickly the
dependence in the time-shifted signal is lost with increasing time lag. The normalized AMI
function estimated for the 30 s duration signals of both C3A2 and C4A1 channels was fit
with equation (7) and the decay rate, A, was determined. A comparison of the AMI decay
rates between the pre- and post arousal states can effectively tell if the signal regularity
changes due to the intervening arousal event. The fit parameter Cy was close to 0 (0.03 +
0.012 for MA and 0.03 £ 0.015 for ELD) and C4 was close to 1 (0.94 + 0.031 for the MA,
0.94 £ 0.034 for the ELD).

The significant findings of the analysis of the decay rate parameter for the broadband and
band pass filtered signals from the pre and post arousal states of the MA and ELD subject
groups are shown in Figure 6. In the case of the MA subjects, the statistical analysis of the
decay rate parameter indicated significantly higher values post-AR in comparison to the pre-
AR state for both central EEG signals [For C3A2, STATE: F(1,113)=31.57, p<0.0001 and
for C4A1, STATE: F(1, 15.9)=28.82, p<0.0001]. After the low frequency delta component
was removed from the signals, the decay rate parameters were higher for both states in
comparison to the broadband signals. However, the differences in A between pre-AR and
post-AR states remained significant for both signals [For C3A2, STATE: F (1, 13.6) = 8.99,
p = 0.0098 and for C4A1, STATE: F (1, 15.2) = 8.75, p = 0.0097]. Figure 6 (c) represents
these results. In Figure 6(d), a box plot of the distribution of paired differences (Apgst-AR —

A pre-aR) Tor each arousal from the two EEG channels in the broadband and band pass
filtered cases is presented. From this, we observed that a majority of the arousals had higher
decay rates following vs. preceding an AR for both channels in the broadband as well as
band pass filtered cases. Out of 114 ARs analyzed in the MA group, 73% of C3 and 68 % of
C4 EEG signals had faster decay rates after the AR than before. After filtering out the low
frequency delta component, this was reduced to 66% in the C3A2 and 61 % in the C4A1l
segments.

For the elderly group of subjects, the statistical analysis of the decay parameter exhibited
highly significant differences for the pre- and post-AR states characterized by faster loss of
information following the arousal. For the broadband case, the C3A2 signal had 80% of the
124 analyzed trials with higher values of A post-AR in comparison to the state prior to
arousal (F(1,13.5) = 46.03, p<0.0001). The C4ALl signal had 82% cases with higher post-AR
decay rates (F (1, 11.8) = 59.07, p<0.0001). After bandpass filtering, the cases with A higher
in the post-AR period than in the pre-AR period were reduced to 74% in the C3A2 channel
and to 71% in the C4A1 channel. However, the mean differences between the states
remained significant [C3A2, F (1, 13.9) = 34.06, p<0.0001 and C4A1, F (1,9.1) =29.25,p =
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0.0004]. Figure 6 (e, f) depict the changes in the decay rate parameter before and after
spontaneous arousals computed for the two central signals of the ELD group.

3.3 Surrogate analysis of the EEG signals

The EEG signals from the pre- and post-arousal states were studied using surrogate methods
to first, derive a significance threshold to test the hypothesis of independence between them
and second, to test the linearity of the nature of interdependence. As described in the
Methods section, the significance threshold was obtained by generating univariate surrogate
copies of one signal and estimating the CMI of each surrogate with the other EEG signal. In
cases where the EEG signals had significant interdependence, bivariate surrogates of both
signals that preserved not only the individual linear properties but also the cross-correlation
between them were created. The interdependence between these surrogates was tested
against the observed values between the original EEG signals to check if the observed
interdependence could be explained by accounting for the linear properties alone. The tests
of significance for both cases were described earlier. The results of the surrogate analysis of
the test regarding the nature of interdependence are shown in Figure (7) where (a, b) refer to
the MA group and (c, d) refer to the ELD subjects. These graphs show the mean CMI (A-
CMI) for the EEG segments which pass both tests to reject the hypothesis of linearity of
interdependence plotted against the (Mean + SD) of the CMI from the set of bivariate
surrogates for each pair of signals in the pre- AR and post-AR states. A majority of the EEG
segments in both the pre- and post-AR states failed to reject the null hypothesis of linearity
of the observed interdependence. For the MA subjects, of 112 segments (of the total 114) in
the pre-AR state that had significant interdependence between them, 57 qualified as showing
interdependence that could not be explained by the linear correlations between them. For the
post-AR state, this was about 52% (58 out of 110 segments). For the ELD group, fewer
segments indicated a possible nonlinear explanation for the observed interdependence. In the
pre-AR state, this was ~46% (47 of 102 segments) and for the post-AR state, only about
34% of the segments exhibited interdependence higher than that for the set of bivariate
surrogates (32 of 93 segments). It may be noted that fewer segments from the ELD group
passed the test for significant interdependence from the available 124 segments in each state
in comparison to the MA subjects. The lower independence between sleep EEG signals
exhibited by ELD subjects during typical NREM sleep stages in comparison to middle aged
subjects was reported in an earlier work (Ramanand, P., Bruce, M.C., Bruce, E.N., Mutual
Information Analysis of EEG Signals Indicates Age-Related Changes in Cortical
Interdependence during Sleep in Middle-aged vs. Elderly Women, under review).

4 Discussion

This paper investigated the effect of spontaneous AR events on the interdependence of
cortical activity during NREM sleep. A significantly higher cross mutual information
between C3A2 and C4A1 EEG signals was observed in the pre-arousal state in comparison
to the post arousal state, implying that the strength of interaction between cortical regions
was lower following the termination of the arousal. The lowered coupling between central
cortical regions in the post-AR state was exhibited by signals of 30 s duration and also by a
more time resolved analysis in which the 30 s interval was divided into three consecutive 10
s intervals. The analysis of the decay rate of the AMI function which gives a measure of
irregularity of the individual signals indicated that both the central EEG signals exhibited
greater irregularity following an AR. Interestingly, all the findings were qualitatively the
same for NREM arousals in the MA and ELD subject groups.

The low correlation between scorers in arousal detection has been reported widely (Bonnet,
et al. 2007). The present study required that the AR onset and durations be accurately
determined. We used a method recently reported by our group to monitor the changes in a
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summed power function of the theta, alpha and beta (>16Hz) frequencies in the C3A2 signal
and noted the sudden rise of these frequencies over a suitably defined threshold to mark the
beginning of an arousal. Our objective in developing this algorithm was not the
identification of all the arousal events in a sleep EEG record; rather a more precise
determination of the beginning and ending of the arousals which were already scored by
sleep experts in each record was desired. In general, if the ending of an arousal is
prematurely marked, there is a possibility of the arousal event being carried over into the
analysis period. In the time resolved analysis in particular this may affect the estimated
values of interdependence in the first 10 s window following the arousal. However, most of
our arousals were longer than those marked by scorers (by visual methods) and hence, the
possibility of a carryover of the arousal event into the subsequent analysis period is unlikely.
For the present work, we chose arousals from NREM sleep stages 2 and 3 which were at
least 40 s away from apparent disruptive events such as apneas, hypopneas, movements and
other arousals in time.

The interdependence measure, chosen as the mean of the CMI function over an interval of
—0.2 s to 0.2 s was compared between the pre-AR and post-AR EEG segments. Using
simulated EEG signals, we demonstrated that this measure may be affected by the power of
a dominant spectral band in the signals. Removal of this band caused the interdependence to
be lower in magnitude in general. In the case of sleep signals, the low frequency delta band
(0.2- 2 Hz) tends to dominate the EEG signals. Moreover, our recent work on the spectral
power analysis of sleep EEG signals prior to and following NREM arousals showed
significantly higher values of low frequency delta power within 3 s of the start of an arousal
in both ELD and MA subjects (Bruce, M.C., Bruce, E.N., Hayes, D., “Sleep fragmentation
in older women: an analysis of EEG activity before and after spontaneous cortical arousals”,
under review). This prompted us to assess whether the observed changes in interdependence
will hold even after removal of this dominant band. On repeating the CMI analysis for the
signals after band pass filtering between 2 to 25 Hz, we observed that the post-AR state was
again characterized by significantly lower interdependence values. More remarkable was the
finding that higher interdependence observed in the closest 10 s interval prior to the AR for
broadband data was no longer significant in the filtered data. This led us to believe that the
higher interdependence between EEG signals just prior to the AR may be attributable to
delta bursts that have been mentioned in arousal literature (De Carli, et al. 2004). The
presence of delta bursts was visually confirmed in the case of many of our analyzed arousals
as well. The link between delta bursts and stimuli-induced or spontaneous arousals is still
unclear (Poyares, et al. 2002). Some researchers have suggested that the delta bursts
occurring right before the arousals may be counteractive measures to arousal stimuli to
maintain sleep and represent the struggle between the sleep promoting and vigilance
promoting mechanisms at play (Halasz, et al. 2004).

The decay rate of the AMI as a function of the elapsed time between observations of a signal
provides insight into the predictability of the signal. The decay rate gives a measure of how
quickly information about the current state of a signal is lost. The AMI decay rate was
significantly higher for both the EEG signals following the arousal than prior to it implying
that after the AR both signals evolved more irregularly than before. This result is in
agreement with our related work where the Sample Entropy, a measure of signal irregularity
estimated at intervals of 6 s, was found to be significantly higher for 5 consecutive intervals
post-AR than in the pre-AR state (Bruce et al., under review). Recently, a correlation
between approximate entropy, another irregularity measure closely related to the sample
entropy, and the AMI rate of decrease was shown for EEG background activity (Abasolo, et
al. 2008) providing grounds for equivalent interpretation of the findings related to the nature
of irregularity of the analyzed signals. The abrupt shift to faster frequencies during an AR
may be introducing greater randomness to the signal thereby causing the post-AR state to be
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less regular than before. There is also the possibility that the two signals may be affected
differently by the arousal, and the response of the neuronal populations that are represented
by the two signals may be different, due to which the shared information between them
following the AR tends to be lower than before.

Although the number of arousals during sleep increases with age, their role in sleep
fragmentation is still being debated (Bliwise 1993, Bonnet and Arand, 2007b). The situation
is further confounded by factors such as the greater incidence of disordered breathing- and
movement-related events during sleep with age and other age-related, possibly
physiological, changes in sleep architecture and spectral changes in sleep EEG making it
difficult to differentiate the root causes of declining sleep quality with age (Stepanski 2002).
In this paper, we studied two groups of women - middle aged and elderly - with a higher
incidence of arousals than young adults, and attempted to assess the differences in the
response of their cortical activity to apparently spontaneous arousals. Changes to the
interdependence between EEG signals indicate functional reorganization of the cortical
regions underlying them. The arousal may represent an abrupt, yet transient, input that
disrupts the existing coordination between the neuronal networks. The interdependence may
thus act as a marker of arousal events and their persistent effect on the inter-hemispheric
connectivity may hold clues to changes to the homeostatic nature of sleep in the two groups.
Both the middle aged and elderly age groups exhibited similar responses in the
interdependence to the AR event. The mean CMI between central regions was lower in
magnitude for the elderly group in general when compared to the MA group. We have
reported this for typical NREM and REM stages of sleep in a recent communication
(Ramanand et. al., under review). This pointed to greater decoupling of central brain regions
in ELD subjects during sleep. However, a common response of lower interdependence and
higher AMI decay rate following the termination of AR in comparison to before was
observed in both age groups.

The surrogate analysis of the pre and post arousal segments indicated that only a few of the
analyzed segments had dependencies that could not be fully explained by accounting for
linear correlations between them. The ELD subjects had more segments that failed to pass
the threshold of significance, again pointing to the lowered coordination in sleep of elderly
women. The surrogate analysis of the interdependence measure of EEG signals from pre-AR
and post-AR states indicated ~ 47% of all the segments analyzed (pooled numbers from both
subject groups) as exhibiting dependencies not fully explained by linearity. This makes
measures such as mutual information that quantify both linear and nonlinear dependencies
advantageous to the analysis of EEG signals. A possible cause for finding so many segments
was due to a majority of the analyzed events being in NREM S-2. Shen and colleagues have
reported that among all sleep stages, nonlinear character of EEG signals is exhibited most
frequently in S-2 (Shen, et al. 2003).

In general, lighter sleep stages and wake state are associated with lower cortical coupling
(Guevara, et al. 1995, Ferri, et al., 2005). The period following arousal termination is scored
as a particular sleep stage based on the EEG signals having returned to some ‘apparently
normal’ background activity when the visual characteristics of arousals are no longer
present. Hence, the finding that the cortical co-ordination remains lowered for up to 30 s
following a spontaneous arousal is highly relevant. It is possible that for a short time
following the arousal, lowered coupling may be similar to that in a more vigilant state
making the sleep state more susceptible to further arousals. Also, the disturbing effect of the
AR may last longer than previously thought. Our analysis of the summed power in the theta,
alpha and beta frequencies averaged over 30s in the pre- and post-arousal periods indicated
that there are systematic spectral changes occurring during the period following arousals.
Hence, in conjunction with interdependence measures, spectral analysis may be informative
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in understanding the dynamics of the system following spontaneous arousals during sleep.
On the other hand, since correlation between sites is independent of the amplitude of their
activities, the spectral changes in a single signal (and/or both signals) by themselves may not
be sufficient to explain the observed changes in the co-ordination between them.

The behavior of central interdependence with respect to arousals appears to be the same in
both middle aged and elderly subject groups and supports the idea of a more gradual effect
of aging on observed sleep EEG parameters (Colrain, et al. 2008). While the arousal index
has been reported to increase with age (Bonnet and Arand 2007), the response of the system
to an arousal event may well remain the same across age. The above scenario may be
complicated by the occurrence of events related to sleep disordered breathing or periodic
limb movement disorders which also increase with age. A neural network analysis of the
depth of sleep based on EEG signals during abnormal breathing events, e.g., apnea and
hypopnea, have indicated lower sleep depth following the termination of these events
(Stradling, et al. 1999). In so much as arousals often terminate these breathing events in
sleep, such studies may well pertain to the cortical activation associated with arousals. It
remains an open question whether ARs associated with breathing events such as apneas and
hypopneas will exhibit the same changes in interdependence as those from spontaneous
arousals.

A limitation of this study was the inclusion of NREM arousals selected from all sleep cycles
of the night. Delta band spectral power is known to change over the course of the entire
night (Pracka and Pracki 1996, Darchia, et al. 2007). However the range in the observed
interdependence values for the ARs although from different cycles of the night for each
subject was not large. Hence, we do not think that the interdependence measures were
significantly affected by the sleep cycles. A more time resolved analysis of the
interdependence measure may provide a more exact time frame for the changes relative to
the AR. We chose 30 s duration of signal because it corresponds to the time window
frequently used in sleep scoring and related literature. Also, the histogram method used for
estimation of mutual information provides accurate estimates for reasonably long data sets.
Measures of connectivity derived from EEG signals such as coherence are subject to
problems related to volume conduction and common reference which may inflate (or in
some cases, reduce) the actual measures between signals recorded over short distances on
the scalp (Nunez, et al. 1997). These effects are probably minimal in our case which had
signals referenced to the ears and from the central EEG channels that are adequately spaced
apart (Barry, et al. 2005). This study was based on EEG signals recorded from the
homologous central brain electrodes. However, inter-regional differences in state- and
frequency related spectral powers and coherence/synchronization measures have been
reported (Werth et al., 1997, Ferri et al., 2005). Hence, different topographical patterns of
interdependence with respect to arousals may result when EEGs from other brain regions
such as frontal or parietal are studied.

In conclusion, we found that the sleep state following a spontaneous arousal exhibits
lowered interdependence between central EEG signals in comparison to the state existing
previously. This finding may be explained to some extent by greater randomness and
irregular time evolution of the two signals after an arousal. We suggest that an AR causes a
subtle decrease in the existing interdependence of cortical regions for a short time following
it, causing the state to resemble a more vigilant state, thus making it more susceptible to
arousals or even awakenings. This study suggests a strong possibility for an arousal to affect
the sleep state not only during the length of its duration but even afterwards. In the case of
excessive arousal occurrences, the integrative effect of the heightened vigilance during and
following the arousals over the course of the whole night may likely have an effect on
consolidated sleep time. We surmise that a better understanding of the effect of arousals on
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sleep state and cortical activation might provide links to the possible connection of their
excessive occurrence to sleep fragmentation and quality.
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APPENDIX

Method for precise determination of the onset and end of arousals

A 2.5 minute EEG segment with the AR onset marked (by visual scoring) at 60 s was
selected and first upsampled to 250 Hz. It was then low pass filtered at 25 Hz using a 21-
point, FIR filter based on a Hamming window. Finally, the signal was downsampled to 50
Hz. The signal was filtered into 6 frequency bands, defined as low frequency delta (0.2 — 2.0
Hz), high frequency delta (2.0 — 4.0 Hz), theta (4 — 8 Hz), alpha (8 — 12 Hz), sigma (12 — 16
Hz), and beta (16 — 23 Hz) bands. This was performed using 6 band pass filters in parallel
based on the Parks-McClellan algorithm and the signal was passed through the filters
forwards and backwards to eliminate phase distortions. Spectral power was calculated in
each frequency band after removal of the mean level and calculating the mean squared value
of the output signal over windows of 2 s sliding over the data by 0.02 s. For the low
frequency delta band alone, the duration of the sliding window was 4 s. In keeping with the
EEG arousal definition, the powers in the theta, alpha and beta bands were summed and
smoothed using a sliding median filter with a window length of 3 s. This signal plotted
across time from the start of the analysis window was observed with respect to a threshold
level. The threshold was determined as 6 dB above the mean of the summed power signal
over a 30 s period. The AR onset was determined to occur when the summed power signal
increased above this threshold and the time point at which it dropped below the same
threshold was marked as the termination.
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Figure 1.
Description of the method for precise determination of the AR onset and duration. Top panel
shows the EEG signals indicating the scorer marked AR at 60 s with duration of 5.9 s. In the
lower panel, the signal of the summed powers in theta, alpha and beta bands is compared to
the threshold level (marked in bold) to determine the onset time as 57.1 s (3.1 s earlier than
the scorer’s onset time) with a duration of 9.92 s.
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Figure 2.

The EEG signals and surrogates (both uni- and bi-variate) are tested by rank based tests
according to which, the mean CMI of the EEG signals over —0.2 to 0.2 s must be greater
than all the values for the surrogates (a) and the individual CMI estimates at each time lag
should be higher than that for the surrogates at a minimum of 60% of the time lags

considered (b).
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Figure 3.

Representative CMI functions between the EEG signals along with the CMI estimated with
univariate surrogates and bivariate surrogates that are used for the surrogate analysis testing
the significance and the nature of the estimated interdependence. The top panel (a) is for a
pre-AR segment from a MA subject. Panel (b) refers to the same segment after band pass
filtering between 2 to 25 Hz. For the bi-variate case, the maximum CMI from the surrogate
set (19 values) at each time lag is plotted.

Int J Psychophysiol. Author manuscript; available in PMC 2011 August 1.



1duosnuey JoyIny vd-HIN 1duosnuey JoyIny vd-HIN

1duosnuei\ Joyiny Vd-HIN

Ramanand et al.

(@)

CMI (Bits)

(©)

Mean CMI (Bits)

0.45

Page 21
(Polygr =073 (Py)ygp =078 (b) Polygr =07 (Pylygp =021
0.35 X
le) O BB O BB
Oo | X BPfil. 0.3 6 X - BPfilt.
© ¢ 8
R

-0.1 0 0.1 0.2 -0.2 -0.1 0 0.1 0.2

-0.2
L) Time lag (s)
Linear Fit: R? = 0.77 p < 0.0001 (d)
. - - 120
* Data %%
y = 0.071* + 0.01 o 100
0.16} ‘ 1
. 80
)
0.12} «©
[&]
-16 60 "
o
2
0.08} 40r
20t
0.04t
- : - 0
0 0.5 1 1.5 2 -0.05 0 0.05 0.1

Sum of relative delta band powers Mean CMI(Broad band) — Mean CMI (BP. filtered)

Figure 4.

Comparison of mean CMI from simulated signals before and after filtering of the dominant
spectral band. (a) and (b) respectively refer to examples of estimated CMI function for
which the signals both have high delta band powers and where only one of the signals has
high delta band power. In (c), the variation of interdependence value with the sum of delta
band powers of the two signals is plotted. (d) shows the distribution of the difference in
mean CMI between the broadband and BP filtered signals.
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Figure 5.

Analysis of the mean CMI measure for 30 s (left column) and 10 s (right column) durations
between pre- and post- AR signals is presented. Results from MA subject data are in (a) and
(b) and from ELD group in (c) and (d). The error bars represent the standard deviation for
the mean CMI in each case. Statistical significances are denoted by asterisks: *, p<0.05, **
p<0.005, *** p<0.0001.
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Figure 6.

Analysis of the AMI for the pre- and post-AR EEG segments. The fit applied to the
normalized AMI function to determine the decay rate parameter, A is presented in (a) and (b)
for a representative broadband and band pass filtered segment. The mean values of A for the
two central channels for broadband (BB) and bandpass filtered (BP filt.) cases are shown in
(c) for the MA and in (e) for the ELD groups. The error bars represent the SD. The
statistically significant changes are marked by asterisks,*p<0.05, ** p<0.005, *** p<0.0001.
The box plots in (d) and (f) show for the MA and ELD subjects resp., the paired difference
in A between post-AR and pre-AR state for each arousal. Horizontal lines are drawn at the
lower quartile, median and upper quartile values with whiskers extending up to 1.5 times the
inter-quartile range. The outliers are marked by the ‘+’ symbol.
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Figure 7.

The surrogate data analysis for the pre-AR and post-AR EEG segments from MA (a, b) and
ELD (c, d) subjects. The mean CMI for the EEG segments (A-CMl i) is plotted against the
average over the interdependence values for the set of bivariate surrogates (i_CMlIg>) for
segments identified as exhibiting nonlinear nature of interdependence. The error bars are the
SD over the set of surrogate interdependence values. The line of equality is also drawn.
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Table 1

Middle aged (MA)

Elderly (ELD)

Number of subjects
Age Mean = SD
Range
Apnea-Hypopnea Mean + SD
Index (AHI)
Range
Arousal Index (Al) Mean + SD
Range

No. of NREM arousals

20
47.2£1.99
42-50
1.48+2.48

0-9.18
19.64 +11.17
7.0-416
114

19
78.3+3.8
71-86
242+255

0-9.72
17.15+9.05
57-332
124

All subjects had body mass index < 30
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Table 2

The (Meanz SD) of the summed spectral power in theta, alpha and beta bands averaged over 30 s intervals for
each arousal in the elderly (ELD) and middle aged (MA) subjects.

Mean over 30 s of the summed power
(Ptheta+PaIpha+Pbeta) indB

Pre_AR Post_AR
MA *** 20.77+5.31 19.44 £5.02
ELD™*  2257%4.71 2179+ 4.25

Fok

*
P<0.001
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