UC San Diego
UC San Diego Previously Published Works

Title

Associations between quantitative sleep EEG and subsequent cognitive decline in older
women

Permalink
https://escholarship.org/uc/item/4gv693jK
Journal

Journal of Sleep Research, 28(3)

ISSN
0962-1105

Authors

Djonlagic, Ina

Aeschbach, Daniel
Harrison, Stephanie Litwack

Publication Date
2019-06-01

DOI
10.1111/jsr.12666

Peer reviewed

eScholarship.org Powered by the California Diqital Library

University of California


https://escholarship.org/uc/item/4qv693jk
https://escholarship.org/uc/item/4qv693jk#author
https://escholarship.org
http://www.cdlib.org/

1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuey Joyiny

Author manuscript
J Sleep Res. Author manuscript; available in PMC 2020 June 01.

-, HHS Public Access
«

Published in final edited form as:
J Sleep Res. 2019 June ; 28(3): €12666. doi:10.1111/jsr.12666.

Associations between quantitative sleep EEG and subsequent
cognitive decline in older women

Ina Djonlagicl2, Daniel Aeschbachl’, Stephanie Litwack Harrison3, Dennis Dean?, Kristine
Yaffe>, Sonia Ancoli-Israel®, Katie Stone3, Susan Redlinel2

1Division of Sleep and Circadian Disorders, Brigham & Women’s Hospital and Harvard Medical
School, Boston, MA, USA

2Department of Neurology, Beth Israel Hospital and Harvard Medical School, Boston, MA, USA
SCalifornia Pacific Medical Center Research Institute, San Francisco, CA, USA

4Departments of Psychiatry, Neurology, and Epidemiology, University of California, San Francisco,
CA, USA

5San Francisco Veterans Affairs Medical Center, San Francisco, CA, USA
5Department of Psychiatry, University of California, La Jolla, CA, USA

"Department of Sleep and Human Factors Research, Institute of Aerospace Medicine, German
Aerospace Center, Cologne, Germany

Summary

The pathophysiological processes of Alzheimer’s dementia predate its clinical manifestation.
Sleep disturbances can accelerate the aging process and are common features of dementia. This
study examined whether quantitative sleep electroencephalogram changes predate the clinical
development of mild cognitive impairment and/or incident dementia. We collected data from a
nested case-control sample of women (mean age 83 years) from the Sleep and Cognition Study, an
ancillary study to the longitudinal Study of Osteoporotic Fractures, who were characterized as
cognitively normal at the time of a baseline polysomnography study (Study of Osteoporotic
Fractures visit 8) based on a Mini-Mental Status Exam (MMSE) score >24. Cases (7= 85) were
women who developed new mild cognitive impairment or dementia by objective cognitive testing
5 years after polysomnography. Controls were women with no mild cognitive impairment/
dementia (7= 85) at baseline or at follow-up. Differences in electroencephalogram absolute and
relative power density were observed between the two groups. Specifically, higher
electroencephalogram power values were found in the dementia/mild cognitive impairment group,
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for the alpha (p = .01) and theta bands (p=.04) in non-rapid eye movement sleep, as well as alpha
(o =.04) and sigma (p = .04) bands in rapid eye movement sleep. In contrast, there were no group
differences in traditional polysomnography measures of sleep architecture and sleep stage
distribution, as well as sleep apnea and periodic limb movement indices. Our results provide
evidence for quantitative electroencephalogram changes, which precede the clinical onset of
cognitive decline and the diagnosis of dementia in elderly women, and support the application of
quantitative sleep electroencephalogram analysis as a promising biomarker for imminent cognitive
decline.

Keywords
aging; longitudinal analysis; memory

1| INTRODUCTION

Alzheimer’s disease (AD) is estimated to affect 5 million people in the USA. The projected
increase of the elderly population is expected to nearly triple this number by 2050 (Hebert,
Weuve, Scherr, & Evans, 2013). This constitutes an urgent need to identify and test new
prevention and treatment interventions. Evidence suggests that the pathophysiological
process of AD can predate the clinical picture by years and even decades (Sperling et al.,
2011). This long preclinical phase is a key prospect for disease-modifying interventions as
significant neuronal injury has already occurred by the time clinical signs appear.

Sleep disturbances can accelerate the aging process, and can increase the risk for cognitive
impairment (Diem et al., 2016; Liguori et al., 2014). Sleep and memory functions rely on
similar network processes, and brain regions important for sleep and wake mechanisms are
affected in early AD (Wang et al., 2015). Insufficient duration and poor quality of sleep have
been associated with the risk of developing AD, even independently of sleep disorders such
as sleep-disordered breathing (SDB; Blackwell et al., 2011; Lim et al., 2014). Research in
animals and in normal humans supports the idea that poor sleep quality is associated with
lower cognitive performance as well as greater beta amyloid (Ap) burden (Spira, An, &
Resnick, 2014). AB in brain interstitial fluid has been found to increase with time awake and
decrease during sleep (Xie et al., 2013). Further, sleep has been shown to promote the
removal of these waste products from the brain at a faster rate than the wake state, and may
be of particular importance in preserving metabolic homeostasis. Neurodegenerative
disorders are thus thought to be due to an impairment of AP clearance, resulting in its central
nervous system accumulation (Mawuenyega et al., 2010). A recent study linked AR
pathology with an impaired cortical generation of non-rapid eye movement (NREM) slow
waves and the associated sleep-dependent memory consolidation, further supporting inter-
relations between AP pathology, cognition and sleep (Mander et al., 2015).

There have been several studies looking at electroencephalogram (EEG) markers of
dementia during wake and sleep states (Prinz, Larsen, Moe, & Vitiello, 1992; Van Der Hiele
etal., 2007). Most studies have investigated group differences of different patient
populations who already had manifested mild cognitive impairment (MCI) to look for EEG
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patterns predictive of further clinical deterioration (Brunovsky, Matousek, Edman, Cervena,
& Krajca, 2003; Huang et al., 2000). One longitudinal study found quantitative EEG
changes over a 7-year period between those subjects who cognitively declined and those
who did not (Prichep et al., 2006). These studies have demonstrated correlations between
wake EEG bands and global cognitive assessments. Changes in theta/gamma ratio and an
increase of high alpha frequency were promising prognostic markers for those patients with
MCI, who are more likely to convert to AD.

Quantitative EEG analysis provides insight into the dynamic neuronal processes during sleep
and can provide complementary information indicating traits that are stable and highly
heritable, and thus might help better characterize an EEG phenotype of prodromal MCI/
dementia (Tafti, 2009). Spectral analysis comparing waking and rapid eye movement (REM)
sleep has demonstrated EEG slowing in patients with amnestic MCI during wakefulness,
which became more prominent in REM sleep (Brayet et al., 2016).

By contrast, studies applying quantitative sleep EEG during the preclinical phase of MCI or
dementia have not been conducted so far. The current study is the first one to prospectively
examine whether quantitative sleep EEG traits can precede the clinical manifestation of MCI
and/or incident dementia.

2| MATERIALS AND METHODS

2.1| Overview

Analyses were based on data derived from a subset of participants enrolled in the Sleep and
Cogpnition Study, an ancillary study to the longitudinal Study of Osteoporotic Fractures
(SOF), which is a multi-site, prospective, observational study of community-dwelling
women aged 65 years and older, as described before (Cummings et al., 1990).

The Sleep and Cognition Study was initiated at the eighth clinic visit (January 2002-April
2004; Exam 8) at the clinical centres in Minneapolis and Pittsburgh. This baseline visit
included in-home polysomnograms (PSG) in participants not reporting active treatment of
sleep apnea, use of oxygen during sleep, or if they had an open tracheostomy. Of the 461
participants (all of which were Caucasians) who completed a PSG at visit 8, 305 returned to
visit 9, which was carried out between November 2006 and September 2008 (median follow
up = 5.0 years, range 3.4-6.2 years).

At each study visit, participants completed a questionnaire assessment of medical history
and underwent a brief physical examination. Information collected included age, body mass
index (BMI), education, and self-reported history of current smoking and alcohol
consumption. In addition, a history of medical conditions was defined as a prior physician’s
diagnosis of stroke, diabetes, Parkinson’s disease, cancer, chronic obstructive pulmonary
disease (COPD), or coronary heart disease. Questionnaire data included the Geriatric
Depression Scale, Functional Outcomes of Sleep and Epworth Sleepiness Scales, as well as
the Pittsburgh Sleep Quality Index. Current medication use was verified by examination of
pill bottles.
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The institutional review boards at each clinic site approved the study, and written informed
consent was obtained from all participants.

Characterization of cognitive status

PSG

Cognitive assessments at study visit 8 included the Mini-Mental and Short Mini-Mental
Exams, and Trail Making B Test. Visit 9 included the California Verbal Fluency Test, Digit
Span Forward and Backward, Short Mini-Mental Exam, Teng-Modified MMSE, Trails B
test, and Verbal Category and Fluency Exams. Women were considered to screen positive
for cognitive impairment at visit 9 if they met one or more of the following criteria: (1) score
of less than 88 on the modified MMSE (compared with the Mini-Mental Exam, this task
incorporates modifications to assess a broader variety of cognitive functions, and enhances
reliability and validity; scores range from 0 to 100); (2) score of less than 4 (delayed recall)
on the California Verbal Learning Test; (3) score of 3.6 or greater on the Informant
Questionnaire on Cognitive Decline in the Elderly; (4) previous diagnosis of dementia or use
of medication for dementia; or (5) nursing home residence (Yaffe, Middleton, et al., 2011).

Those women who screened positive underwent further clinical evaluation by a panel of
clinical experts. These included a neurologist, two neuropsychologists and a
geropsychologist. Assessment included the neuropsychological battery scores, prior
cognitive test scores, demographics, medical history, medications, depression score and
functional status. Average inter-rater reliability of diagnoses was 0.77 (95% confidence
interval, 0.71-0.84), based on evaluation of 20 participants who screened positive for
cognitive impairment. A diagnosis of dementia was made based on DSM-IV criteria. A
diagnosis of MCI was made using modified Petersen criteria, which requires cognitive
impairment that is insufficient to classify as dementia and a generally intact functional
status. Those who did not meet criteria for MCI or dementia were classified as being
cognitively normal.

Unattended in-home overnight PSG was obtained using the Compumedics Siesta Portable
PSG (Abottsville, Australia), with collection of data from C3/A, and C4/A; EEGs (collected
at 256 Hz); bilateral electrooculogram; a bipolar submental electromyogram; thoracic and
abdominal excursions (Summit IP inductive plethysmography bands, with auto-calibrating
sum channels); airflow (detected by a nasal-oral thermistor and nasal pressure with a nasal
cannula connected to a pressure transducer); bilateral leg movements using piezoelectric
sensors; oximetry (finger pulse oximetry); electrocardiogram (collected at 512 Hz); and
body position (using a mercury gauge sensor). Sleep stages (REM, stages 1-4 NREM) were
scored using standard criteria (Rechtschaffen & Kales, 1968; Sleep-Disorders-Atlas-Task-
Force, 1992).

Apneas were defined by the absence or near absence of airflow on thermistor for >10 s with
an oxygen desaturation of 3% or more. Hypopneas were defined by a decrease in breathing
amplitude of =230% for =10 s with an oxygen desaturation of 3% or more. (Alternative
indices were calculated based on events associated with a >4% desaturation.) The apnea-
hypopnea index (AHI) was defined as apneas plus hypopneas per hour of sleep time.
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All studies were scored by trained PSG technologists, blinded to group assignments of
subjects according to standard criteria. Further information on PSG equipment and scoring
algorithms has been published (Blackwell et al., 2008). Inter- and intra-scorer reliability of
key PSG measurements exceeded 0.92.

2.4] Quantitative EEG analysis

The sleep EEG recordings (Cs/A,) performed at Exam 8 were subjected to an off-line
spectral analysis based on a Fast-Fourier Transform (FFT) Routine (Vitascore, TEMEC). All
recordings were inspected visually by a trained PSG research technician, and artefacts were
manually excluded on a 4-s basis. Next, raw power spectra were calculated for 4-s epochs
and a frequency range of 0.5-32.0 Hz by applying a 10% cosine-tapered window
(Aeschbach & Borbely, 1993). These calculations resulted in power spectra with a quarter-
hertz frequency resolution. Next, overlapping 4-s epochs were averaged to yield 30-s power
spectra that were then matched with the 30-s sleep scores. Those 4-s sub-epochs with eye
movements that resulted in unambiguous deflections in the EEG were discarded from further
analysis. Data reduction steps that follow the FFT routine included the discarding of spectra
above 25 Hz, and the averaging of power density into half-hertz bins. Finally, the data were
reformatted to generate files in ASCII format that were then processed with commercial
statistical software (SAS version 9.0).

Average absolute EEG spectra were computed for NREM and REM sleep separately, and
transformed using log base 10 prior to statistical analysis. EEG analysis also included
periods of wakefulness that were free of artefact.

2.5] Analytical sample

Of the 461 women who were characterized as cognitively normal based on cognitive
assessments (MMSE of >24) at visit 8 and had PSG and neuropsychological testing
performed, 305 returned for study visit 9. Our analytical sample included women with
cognitive impairment (7= 49) or dementia (7 = 36) at visit 9, which were considered
“cases.” Of the remaining 220 women, who were cognitively normal at visit 9 and did not
develop MCI or dementia, 85 were randomly chosen to serve as “controls.”

2.6 | Statistical analysis

Baseline demographic variables as well as mean PSG and EEG variables were compared
between the two groups (no MCIl/dementia and MCl/dementia) using Student’s #tests or
Wilcoxon rank sum, if data were skewed, and Pearson’s chi square tests, as appropriate.

Correlations were performed between quantitative EEG and cognitive assessment measures
at visit 8 prior to cognitive impairment, as well as cognitive measures at visit 9 and visit 8
EEG variables. Pearson or Spearman correlation coefficients were calculated depending on
the normality of the data. Sensitivity analyses were performed by excluding those women
who at visit 8 reported benzo-diazepine use and/or other medications likely to influence
EEG activity, and rerunning the original analyses. All analyses were performed using SAS
statistical software (version 9.2 SAS Institute, Cary, North Carolina, USA).
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3| RESULTS

3.1| Demographic and questionnaire data

Characteristics of the entire SOF Sleep and Cognition population have been described before
(Cummings et al., 1990; Yaffe, Laffan, et al., 2011). The baseline characteristics of cases and
controls are shown in Table 1. Women who did and did not develop MCI or dementia were
similar at baseline in respect to age, MMSE, BMI, education level, depression score, alcohol
use, smoking habits, medication use, prevalent diabetes, hypertension and history of stroke.
COPD was more common in the group that did not develop MCI or dementia (p = .05);
however, the frequency was overall low. Impairment in activities of daily living was seen
more in the MCl/dementia group. Groups did not differ in regards to self-reported sleepiness
or sleep quality.

3.2 | Traditional measures obtained from PSG

There were no group differences in sleep architecture including total sleep time, sleep
efficiency, as well as distributions of NREM, slow-wave sleep (SWS) and REM sleep (Table
2). In addition, there were no differences in measures of SDB, including the AHI, as well as
percent time spent at oxygen saturations below 90%. Furthermore, there were no differences
in other measures of sleep disturbances, including periodic limb movements (PLMs) and
arousal indices.

3.3 | Quantitative EEG assessments

The average spectral logarithm in NREM and REM sleep was compared for each frequency
band between the two groups, and adjusted for age, depression and education (Tables 3 and
4, absolute values; for relative power values, see Tables S1 and S2). Overall, those women
who developed MCI and dementia demonstrated higher EEG power values across all
frequency bands during NREM and REM sleep at the baseline visit when assessed to be
cognitively normal using the MMSE (Figures 1, and S1 and S2). During NREM sleep,
significant differences were seen in the alpha (p=.007) and theta (o = .04) bands after
adjusting for age, education and depressive symptoms. Slow-wave activity (SWA) averages
across the night did not show any differences (p = .14). We tested the possibility that the
higher NREM alpha power was influenced by factors such as wake after sleep onset
(WASO), PLM-arousal index and arousal index in the multivariable models, but found no
differences in the results of models that included compared with models that did not include
these co-variates. In REM sleep, adjusted analyses showed significant differences in the
alpha (p = .04) and sigma frequency (o = .04) bands. Because of the known EEG dynamics
across the night, we calculated the average spectral power density per hour of sleep during
NREM sleep across the night for each frequency band. (Figure 1). Due to the age of our
subjects and their considerable WASO, which limits the ability to define sleep cycles, we
analysed consecutive hourly intervals as a means of displaying changes in the EEG
dynamics of early versus late sleep.

Significant differences were seen throughout hourly NREM sleep intervals for the alpha
band. Further statistical analysis of group by time interaction did not reveal an effect for
either SWA (p=.2) or theta (p = .43) bands.

J Sleep Res. Author manuscript; available in PMC 2020 June 01.
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In order to evaluate whether the EEG differences vary between MCI and dementia groups,
we performed supplementary analyses that revealed that while SWA per hour of sleep and
theta frequencies shows a more linear increase from healthy controls to MCI to dementia,
alpha and sigma power are highest in the MCI group during NREM sleep (Tables S3 and
S4).

To explore whether the increase in SWA seen in the MCl/dementia group was a reflection of
generalized EEG slowing resulting in an overestimation, we also analysed waking EEG
alpha background from a random sample of 10 studies from each group. The average alpha
frequency for the control group was 9.0 Hz versus 9.25 Hz for the MCl/dementia group (o
= .66).

3.4| Correlation with cognitive outcomes

We investigated the relationship between quantitative EEG measures and cognitive
assessments obtained at visit 8 when both groups were assessed to be cognitively intact.
There were no significant associations between any of the EEG frequency bands and the
Mini-Mental and Short Mini-Mental Exams, and Trail Making B Test at visit 8.

We then performed correlation analysis between cognitive measures at visit 9 and
quantitative EEG measures for the MCIl/dementia group, but did not find any associations
between the California Verbal Fluency Test, Digit Span Forward and Backward, and Trails B
test. To account for the dynamics in cognitive decline, we also correlated the change in Short
Mini-Mental Exam and Trails B test scores, which were the only two tasks performed at
both visits, with quantitative EEG measures. There were no associations for the Trails B test
score changes and sleep EEG frequencies. However, a decline in Short Mini-Mental Exam
scores was associated with higher values for slow oscillations (p = .016), SWA (p=.010)
and theta frequencies (p = .043).

To evaluate the performance of quantitative sleep EEG in predicting cognitive impairment,
we performed logistic regressions and generated c-statistics. In our population sample, age,
education and depression did not predict the development of cognitive impairment (MCI/
dementia) and nor did SWA. On the other hand, EEG alpha power was the most significant
EEG predictor of MCl/dementia (p = .01), whereas theta power had a weaker association (p
=.03).

4| DISCUSSION

We do not fully understand the complexity of pathways that eventually lead to AD, but there
is emerging evidence supporting the role of sleep disturbances as an important component.
While these network processes are deeply intertwined, little is known about the nature of
their relationships (Lucey & Holtzman, 2015). Thus, this association has become an
important research focus given that sleep quality and sleep disorders are modifiable.

Changes in quantitative EEG signals have been described in cross-sectional studies in
patients with MCI and dementia, but their predictive role for cognitive decline has not yet
been assessed. Our results demonstrate the novel finding that those women who are on the
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trajectory towards cognitive impairment show quantitative sleep EEG changes, which
predate the clinical picture of MCI and dementia by at least 5 years. In particular, an analysis
of carefully measured indices of EEG sleep power spectral data from a well-matched sample
of elderly women, studied when assessed to be cognitively normal, identified an increase in
sigma, alpha and theta absolute power in the group that subsequently developed MCI/
dementia. Differences in quantitative EEG data were observed despite no differences in
traditional measures of sleep architecture or sleep apnea.

The increase in alpha power observed in the MCIl/dementia group is consistent with a
publication linking an increase in EEG power of high-frequency alpha with greater cortical
atrophy, and a way to identify individuals at risk for progression to AD (Moretti, 2015).
Functional imaging studies in prodromal AD subjects have shown paradoxical
hyperactivation rather than a loss of activity relative to baseline (Carrillo et al., 2009).
Consistent with these findings, our observed increase in EEG power across certain frequency
bands may represent hypersynchronization of brain areas as an early dysfunction of the
larger pathological frameworks involved in the development of AD during its preclinical
stage. Whether these paradoxical findings of hyperactivity are compensatory mechanisms to
maintain memory performance or, instead, represent an imbalance of excitatory and
inhibitory inputs remains unclear.

It is also possible that the higher alpha power could represent arousal-related occipital alpha
activity. Given that the study was not designed to determine the topical distribution of alpha
activity and distinguish occipital from fronto-central alpha, we cannot assess possible roles
of sleep-maintaining or arousal-related mechanisms related to the increase in alpha power.

In general, SWS has been associated with the promotion of sleep-dependent memory
processes. Both animal and human studies have provided evidence that SWS facilitates the
consolidation of newly acquired information, in particular declarative, but also procedural
memories (Aeschbach, Cutler, & Ronda, 2008; Landsness et al., 2009; Stickgold, 2005). For
example, the low cholinergic tone during SWS is thought to enable the reactivation of
memory representations after learning, resulting in stabilization and enhancement of these
newly formed memories. Based on this concept, the age-related decline in SWS has been
presumed to provide a potential mechanism for the memory decline in older adults
(Backhaus et al., 2007).

However, the ubiquitous function of SWS towards cognition has been challenged, especially
as it pertains to aging. A few studies have suggested that SWS may represent different
phenomena in different people and settings. SWS disruption, while associated with
sleepiness, has been shown to associate only weakly with cognition, with similar findings
for younger and older age groups (Groeger, Stanley, Deacon, & Dijk, 2014). Furthermore, it
is likely that the association between SWS and cognition across the lifespan is more
complex, reflecting an age-related dissociation of the functional relationship between SWS
and cognition. This relationship may be most applicable to young adults and dissociate in
the older population in whom SWS might even be associated with negative outcomes in
memory functions (Buechel et al., 2011; Scullin, 2013). It is also possible that large slow
waves connote different neurophysiological processes and mechanisms across age.
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Analogous to Buechel et al.’s (2011) conclusion that the nature of deep sleep in aged rats
appears to be more disruptive to cognition than beneficial, we found a negative correlation
between SWA and cognition based on performance of the Mini-Mental Exam.

Our study results were limited by the standard sleep EEG montage, which does not allow us
to differentiate well whether the observed quantitative EEG changes are global or can be
localized further.

Cogpnitive assessment at the baseline visit relied on two versions of the Mini-Mental Exam
and differed from the evaluation that was done at visit 9, resulting in the possibility that,
despite otherwise comparability, subtle cognitive group differences and a diagnosis of MCI
could have been missed at the baseline visit. More detailed testing and a clinical
adjudication process were performed to diagnose participants with MCI or dementia at the
endpoint examination (visit 9). At visit 8, participants completed the Mini-Mental and Short
Mini-Mental Exams. Both groups had similar baseline scores, the MCIl/dementia group had
an average MMSE score of 28.2 (£1.6), while the women who remained cognitively intact
averaged 28.9 (+1) at visit 8. Studies using a MMSE cut-off point of 24, which was applied
in our study population, have shown average sensitivities of 0.85 and specificities of 0.90 in
diagnosing dementias (Creavin et al., 2016). Of key importance is that the entire subject pool
received the same tests at baseline and follow-up. Our comparisons were focused on the
differences in change in cognition between groups. Differences in sensitivity between the
two batteries would not bias the reported between-group differences in “decline” over time.

Activities of Daily Living scores differed at baseline between the two groups and could
indicate the presence of subtle differences at the baseline visit. On the other hand, depression
and subjective scores of sleepiness, which are considered preclinical or early clinical
features of AD, did not differ between the two groups (Donovan et al., 2014; Salcedo-Sora
& Ward, 2013).

Given interest in exploring the role of multiple measurements of sleep and the correlation
among many measurements, we did not correct for multiple testing. Some associations
therefore may be spurious and should be replicated in independent cohorts.

Lastly, given that the SOF cohort consists mostly of white women, further studies are
necessary to confirm that these results are generalizable.

Changes in quantitative EEG analysis in patients with MCI and dementia have been
described (Vecchio et al., 2013). Experimental animal models have demonstrated changes in
activity patterns, sleep architecture and overall EEG spectral power as prodromal markers
prior to amyloid plaque formation, but this is the first longitudinal study to show that
quantitative sleep EEG analysis has the potential as a highly sensitive biomarker that can
help in distinguishing those individuals who are at risk for cognitive decline and the
development of dementia (Platt, Welch, & Riedel, 2011).

Sleep and cognition are linked by sharing neuronal network mechanisms, but it remains
unclear whether the decline in sleep and cognitive function is due to inter-relationships, or
shares a common source and is the byproduct of structural degenerative changes. It also
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remains an open question whether sleep disturbances directly inhibit sleep-dependent
memory consolidation or whether the neuroanatomical or neurochemistry changes as the
result of aging and recurrent hypoxemia lead to atrophy and synaptic degeneration, which
then results in poorer performance.

Further validation of these preclinical quantitative sleep EEG changes and examination of
the pathophysiological processes behind them will elucidate fundamental questions
concerning sleep disturbances as promising biomarkers and modifiable therapeutic targets
that may aid in the prevention of cognitive decline.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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TABLE 1

Baseline characteristics of participants

Age (years)
BMI (kg m™2)
Education
<High school
High school
College/grad school
Diabetes
Hypertension
Stroke
Geriatric Depression Scale (0-9)
COPD
1+ IADL
Drinks per week
0-2
3-13
14+
Smoking
Antidepressant use
Benzodiazepine use
Functional Outcomes of Sleep (5-20)
Epworth Sleepiness Scale (0-24)
Pittsburgh Sleepiness Index (0-21)

Did not develop M Cl/dementia (n = 85)
83.0(3.2)
26.8 (4.0)

13 (15.3)
48 (56.5)
24 (28.2)
7(8.2)
56 (65.9)
12 (14.1)
15 (1.7)
13 (15.3)
31(36.5)

78 (91.8)
6(7.1)
1(1.2)
1(1.2)
5(5.9)
9 (10.6)
19.2 (0.8)
6.4 (3.5)
6.6 (4.0)

Developed M Cl/dementia (n = 85)
83.2(3.1)
275(5.2)

22 (25.9)
38 (44.7)
25 (29.4)
11 (12.9)
47 (55.3)
8(9.4)
21(22)
5(5.9)
47 (55.3)

78 (91.8)
5(5.9)
2(2.4)
1(1.2)
8(9.4)
6(7.1)
19.1 (1.0)
5.4 (3.6)
6.7 (3.6)

17

.32
.16
.34
.09
.05
.01

.81

M=+ SDor N (%).
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BMI, body mass index; COPD, chronic obstructive pulmonary disease; IADL, Instrumental Activities of Daily Living; MCI, mild cognitive

impairment.
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Traditional PSG measures

TABLE 2

Total sleep time (min)

WASO (min)

Sleep efficiency (%)

AHI (hypopneas with 3% desat)
AHI (hypopneas with 4% desat)
Percent sleep time SaO, < 90%
Arousal index per hour of sleep
Time in stage 1 (%)

Time in stage 2 (%)

Time in stage ¥ (%)

Time in REM (%)

PLMS per hour of sleep

PLMS wi/arousals per hour of sleep

Did not develop M Cl/dementia (n = 85)
348.7 (72.4)
91.1 (59.1)
75.3 (12.0)
14.2 (13.8)
8.6 (10.6)
3.5 (6.8)
20.5 (11.1)
5.3(3.3)
55.6 (9.8)
19.9 (9.8)
19.2 (6.7)
26.6 (28.3)
3.7(6.8)

Developed M Cl/dementia (n = 85)
3545 (74.9)
107.3 (66.0)
74.3 (13.3)
14.3 (13.2)

8.9 (10.6)
3.2(7.5)
19.3 (10.4)
49(2.7)
55.1 (13.5)
22.0 (12.8)
18.0 (7.7)
33.4(35.7)
41(5.2)

p-value

.09
.62
74
51
45
45
42
.76
.23
.29
21

M+ SD.
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AHI, apnea-hypopnea index; MCI, mild cognitive impairment; PLMS, periodic limb movements of sleep; REM, rapid eye movement; WASO,

wake after sleep onset.
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TABLE 3

Quantitative absolute EEG power spectral measures (NREM)

Did not develop MCl/dementia (n =85) Developed MCI/ dementia(n=85) p-value

SWA (0.75-4.5 Hz) 1.37 (1.33, 1.40) 1.41 (1.37, 1.45) 14
Slow oscillations (0.5-1 Hz) 2.33(2.29,2.37) 2.36 (2.32, 2.40) .33
Theta power (4-8 Hz) 0.83 (0.79, 0.88) 0.91 (0.86, 0.95) .04
Alpha power (8-12 Hz) 0.50 (0.45, 0.55) 0.60 (0.55, 0.65) .007
Beta power (15-30 Hz) -0.29 (-0.33, -0.25) -0.24 (-0.28, -0.20) 11
Sigma frequency (12-15 Hz) 0.13 (0.08, 0.17) 0.19 (0.14, 0.23) .08
SWA in NREM sleep for consecutive hourly intervals
0-1 1.28 (1.23, 1.32) 1.35 (1.30, 1.40) .04
1-2 1.40 (1.36, 1.45) 1.46 (1.42, 1.50) 08
2-3 1.38 (1.34, 1.43) 1.42 (1.37, 1.46) 26
3-4 1.34 (1.30, 1.39) 1.37 (1.32, 1.42) 46
4-5 1.31(1.27, 1.36) 1.38 (1.33, 1.42) .05

Adjusted means (95% CI) for age, education and depression.

M+ SD, data are presented as log-transformed EEG power density (qu Hz'l). MCI, mild cognitive impairment; NREM, non-rapid eye
movement; SWA, slow-wave activity.

J Sleep Res. Author manuscript; available in PMC 2020 June 01.

Page 16



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuep Joyiny

Djonlagic et al.

TABLE 4

Quantitative absolute EEG spectral power measures (REM)

Did not develop MCl/dementia (n =85) Developed M Cl/dementia (n = 85)

SWA (0.75-4.5 Hz) 0.97 (0.93, 1.01) 1.02 (0.98, 1.06)
Slow 1.99 (1.94, 2.05) 2.01 (1.95, 2.06)
oscillations

Theta power 0.59 (0.54, 0.64) 0.65 (0.60, 0.70)
Alpha power 0.37(0.31, 0.42) 0.46 (0.40, 0.51)
Beta power -0.22 (-0.27,-0.17) -0.15 (-0.21, -0.10)
Sigma frequency (12-15 Hz) 0.02 (-0.03, 0.08) 0.11 (0.03, 0.05)

p-value
14
71

.10
.04
.09
.04

Adjusted means (95% CI) for age, education and depression.
M+ SD, data are presented as log-transformed EEG power density (uV2 Hz—1).

MCI, mild cognitive impairment.
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