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Abstract

Study Objectives: Dementia is a growing cause of disability and loss of independence in the elderly, yet remains largely underdiag-
nosed. Early detection and classification of dementia can help close this diagnostic gap and improve management of disease pro-
gression. Altered oscillations in brain activity during sleep are an early feature of neurodegenerative diseases and be used to identify
those on the verge of cognitive decline.

Methods: Our observational cross-sectional study used a clinical dataset of 10 784 polysomnography from 8044 participants. Sleep
macro- and micro-structural features were extracted from the electroencephalogram (EEG). Microstructural features were engineered
from spectral band powers, EEG coherence, spindle, and slow oscillations. Participants were classified as dementia (DEM), mild cog-
nitive impairment (MCI), or cognitively normal (CN) based on clinical diagnosis, Montreal Cognitive Assessment, Mini-Mental State
Exam scores, clinical dementia rating, and prescribed medications. We trained logistic regression, support vector machine, and ran-
dom forest models to classify patients into DEM, MCI, and CN groups.

Results: For discriminating DEM versus CN, the best model achieved an area under receiver operating characteristic curve
(AUROC) of 0.78 and area under precision-recall curve (AUPRC) of 0.22. For discriminating MCI versus CN, the best model achieved
an AUROC of 0.73 and AUPRC of 0.18. For discriminating DEM or MCI versus CN, the best model achieved an AUROC of 0.76 and
AUPRC of 0.32.

Conclusions: Our dementia classification algorithms show promise for incorporating dementia screening techniques using routine
sleep EEG. The findings strengthen the concept of sleep as a window into neurodegenerative diseases.
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Statement of Significance

help close the diagnostic gap.

Using sleep EEG data from more than 8,000 sleep clinic patients, we extracted various macro- and micro-structural features and
trained machine learning models to identify patients with mild cognitive impairment and dementia. With a significantly large
dataset and comprehensive set of features, our study has demonstrated the discriminative power of brain activity during sleep for
detecting dementia. There is promise for using home-based wearable EEG to routinely screen individuals for dementia, which can

Introduction

Among people aged 65 years and older in the United States, 11%
have dementia of various etiologies [1] and 16% have mild cog-
nitive impairment [2] (MCI). Despite its prevalence, dementia
remains largely undiagnosed [3, 4], with its symptoms being dif-
ficult to differentiate from normal consequences of aging. Early
diagnosis can identify people at risk for complications [5] and
improve prognosis [6] with early intervention.

Currently, clinical diagnosis of dementia relies on the clin-
ical history, cognitive screening tests (e.g. Montreal Cognitive
Assessment [MoCA], Mini-Mental State Examination [MMSE]),
laboratory tests, and neuroimaging studies such as brain mag-
netic resonance imaging and positron emission tomography.
However, these tests are typically performed when an underlying
neurodegenerative disease has already manifested long enough
to cause noticeable cognitive decline. A method to detect deteri-
orating brain health with high sensitivity before significant pro-
gression of cognitive decline is thus highly desirable.

Electroencephalography (EEG) is a low-cost, noninvasive
technology that measures brain electrical activity. Quantitative
EEG metrics have been identified as a potential biomarker in
early detection of dementia [7-10]. Several studies have used
spectral and/or nonlinear features of the awake EEG to detect
signs of dementia [11-15]. However, few studies have evaluated
the discriminative power of sleep EEG features, although sleep
disturbances are recognized as risk factors and early clinical
symptoms of neurodegenerative disorders. Sleep architecture
(macro-structure) changes, including increases in sleep frag-
mentation, number of awakenings (NA), rapid eye movement
(REM) latency, and reductions in slow-wave and REM sleep, are
often reported in dementia [16-18]. Micro-structural changes,
including EEG slowing [19], decreased 6 and & band power dur-
ing slow-wave sleep [20], and decreased EEG coherence [21, 22],
and deterioration of sleep spindles during non-REM (NREM)
sleep [16, 23], have been observed in demented patients as well.
The power ratio of a sub-bands a3/a2 is also indicative of MCI
to dementia conversion [24, 25]. Given the vast amount of liter-
ature supporting the relationship between, sleep EEG patterns
and dementia, we believe that sleep EEG is a promising non-
invasive measure source for potential indicators of underlying
neurodegenerative pathology.

In prior work, we reported that a sleep EEG-based brain age
index increased monotonically from nondementia to dementia
subpopulations [26]. Here, we investigated the discriminative
power of macro- and micro-structural changes in brain activity
during sleep for detection of dementia and MCI. To explore the
relationship between sleep and early neurodegeneration and
dementia, we identified top sleep EEG features that differentiated
those with diagnosed dementia of different etiologies (DEM) and
MCI patients from cognitively normal (CN) patients. We exam-
ined the spectral profiles and age-dependency of sleep features
across diagnostic groups. To measure the utility of sleep EEG fea-
tures in discriminating between DEM, MCI, and CN individuals,

we developed algorithms to perform binary classification (DEM
vs CN; MCI vs CN; DEM/MCI vs CN) and evaluated their perfor-
mance. We hypothesized that features extracted from sleep EEG
and machine learning models based on them could significantly
discriminate DEM and MCI participants from CN participants.

Methods
Dataset

This is an observational cross-sectional study. The Massachusetts
General Brigham Institutional Review Board approved all study
procedures and waived the requirement for informed consent
for this retrospective study. We included participants who under-
went polysomnogram(s) (PSG) for clinical purposes in the Sleep
Laboratory at Massachusetts General Hospital from 2009 to 2019.
PSGs were recorded and scored adhering to American Academy
of Sleep Medicine guidelines. The dataset included 22 991 PSGs
from 17 279 participants and contained three major types of sleep
tests: diagnostic, full-night titration, and split-night titration. For
split-night titration studies, only the PSG from the diagnostic
segment was included. Each PSG was annotated by an experi-
enced sleep technician. Every 30-second nonoverlapping epoch
was classified as one of five stages: Wake (W), NREM stage 1 (N1),
NREM stage 2 (N2), NREM stage 3 (N3), and REM.

Clinical data extraction

Clinical data, including participant demographics, encounter diag-
noses, medications, and clinical notes, were extracted for all partic-
ipants from questionnaires completed before the sleep study and
from electronic medical records. Scores for the clinical dementia
rating (CDR) global scale, MMSE [27], and MoCA [28], when avail-
able, were extracted from clinical notes using in-house software.
Obstructive sleep apnea was defined as apnea-hypopnea index >5
and based on the PSG report. Medical diagnoses were extracted
from documentation in the electronic health record.

Dementia staging

Table 1 shows the inclusion and exclusion criteria for Dementia
(DEM), MCI, and CN groups. Inclusion criteria were based on data
entered in the medical record before the sleep study or at most
one year after the sleep study unless otherwise stated. Keywords
are listed in Supplementary Table S1. We excluded any encoun-
ter diagnosis containing the keyword “family history” Participants
were assigned to a group using the criteria met closest to the date
of sleep study. If a participant satisfied criteria for dementia but
later received a CDR < 0.5, MMSE > 25, or MoCA score > 20, we
classified them as MCI. If a participant had multiple sleep studies,
we analyzed each one independently, and assigned the dementia
stage with respect to date of each sleep study.

To develop the criteria, we labeled 123 cases into DEM, MCI,
and CN groups based on expert chart review and iteratively
improved our criteria using a series of error analyses and rule
refinement. We settled on our criteria that predicted DEM and
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MCI with a false positive rate of 0% and discriminated between
them with accuracy >80%.

EEG preprocessing

For each PSG recording, six EEG channels (F3-M2, F4-M1,
C3-M2, C4-M1, O1-M2, and 02-M1) were resampled to 200 Hz,
notch-filtered at 60 Hz, and bandpass filtered at 0.5 to 20 Hz.
To minimize nonphysiological artifacts, all 30-second epochs
with maximum absolute amplitude greater than 500 uV, and
epochs containing more than 2 s of flat signal (standard devia-
tion less than 0.2 uV), were excluded. We excluded epochs with
strong narrow-band spectral artifacts (such as electrocardio-
gram noise) by checking if the second-order difference of spec-
trum between 4 and 20 Hz exceeded an empirically determined
threshold.

Macro-structure sleep features

Sleep architecture features were obtained from hypnograms,
including total resting time (TRT), total sleep time (TST), duration
of sleep stages, percent of time spent in sleep stages, sleep effi-
ciency index (SEI, or TST/TRT), sleep onset latency (time to first
sleep stage), wake after sleep onset, REM latency, NA, number of
stage shifts to N1 from NREM/REM sleep (NSS), and sleep frag-
mentation index (SFI, or [NA + NSS]/TST).

Micro-structural sleep features

We extracted EEG microstructure data from each 30-second
epoch for each EEG channel, using the same features from Sun
et al. [29]. In the time domain, we calculated the line length,
kurtosis, and sample entropy to quantify signal complexity.
In the frequency domain, we calculated the minimum, maxi-
mum, mean, and standard deviation across 2-second sub-ep-
ochs within each 30-second epoch, for relative §, 0, and a band
powers, 8/0, 8/a, and 6/a power ratios, and kurtosis of 9, 0, a,
and o bands. All features were calculated as averages across left
and corresponding right channels, separately for frontal, cen-
tral, and occipital channels. Features were averaged across all
epochs falling into the same sleep stage. For participants with
missing sleep stages, features for the missing sleep stages were
imputed with the average of the 10 closest participants based
on Euclidean distance of features from other sleep stages. This
resulted in 510 features.
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Individual EEG frequencies and alpha sub-band
powers

Individual EEG frequencies and o sub-band powers were
extracted from epochs in the Wake and N1 stages. We calculated
the 0/a transition frequency (TF) as the minimum power in the
0 frequency range and the individual alpha frequency (IAF) as
the maximum power following TF in the extended a range (5-14
Hz) [25]. Using these individual EEG frequencies as anchors, we
defined the a sub-band ranges: al (TF to TF-IAF midpoint), a2
(TF-IAF midpoint to IAF), and a3 (IAF to IAF + 2 Hz) [25]. We com-
puted the power spectral density of al, 02, and a3 sub-bands and
the a3/a2 power ratio for each stage and region (frontal, central,
and occipital, each averaged across left and right sides). This
resulted in 36 features.

Spindle and slow-wave oscillation features

Spindle and slow oscillation (SO) patterns during N2 sleep were
detected using Luna software [30] using the following parameters:
central frequency for spindle = 13.5 Hz (to nonspecifically capture
both slow and fast spindles); wavelet cycle number = 12 (for bet-
ter frequency resolution); and relative amplitude threshold for
slow oscillation = 1.5 (empirically tuned to N2). This resulted in
228 features.

EEG coherence features

EEG coherence was defined as the magnitude squared coherence
estimate of two discrete-time signals using Welch’s method. EEG
coherences were computed from each epoch across all channel
pairs (15 combinations) and averaged for each frequency band (8,
0, a, and o). EEG coherences were then averaged across all epochs
for each sleep stage. This resulted in 300 features.

Matching between groups

We matched participants in each group by sex and age using the
DEM group as the reference for matching. For each DEM partici-
pant, we found matching individuals in each of the other groups,
with the same sex and age within 5 years. The MCI group was
oversampled with replacement due to its smaller size.

Comparison of EEG power spectra across groups

To compare spectra of DEM, MCI, and CN, we computed the
spectrum for each 30-second epoch for all PSGs in the matched

Table 1. Inclusion and exclusion criteria for DEM, MCI, and CN groups

Group Inclusion criteria

Dementia CDR global score > 1
MMSE score < 25

MoCA score < 20

> 1 dementia medication with dementia diagnosis
> 1 dementia diagnosis and >1 symptomatic diagnosis

MCI CDR global score = 0.5

MMSE score between 25 and 27

MoCA score between 20 and 26

>1 dementia medication with MCI diagnosis

>1 MCI diagnosis and >1 symptomatic diagnosis

CN ¢ Does not belong to the dementia and MCI groups and has no dementia/MCI diagnosis

Exclusion Criteria

e Age < 50 years

¢ Prior diagnosis of developmental delay, brain tumor, stroke, brain damage, and Down’s syndrome

Participants were assigned to a group if they met at least one of the inclusion criteria and did not meet any of the exclusion criteria.
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groups. For each participant, we averaged data from the frontal,
central, and occipital channels respectively, and calculated the
average spectra for each sleep stage. The participant-level spec-
tra were then averaged across participants within each diagnostic
group. For Wake, N1, and REM stages, we determined the IAF and
TF for the average spectra for each group. For N2 and N3 stages,
we determined the spindle peak frequency as the frequency at
local maximum within the 10-15 Hz range. If no local maximum
existed in that range, we defaulted to 13Hz. Significant differ-
ences in frequency and power were determined using one-way
analysis of variance (ANOVA) and post hoc tests.

Statistical analysis

To evaluate differences in the proportion of medical diagnoses
between DEM, MCI, and CN groups, we performed two-sample
proportion z-tests comparing the prevalence of each medical
diagnosis for DEM versus CN, and MCI versus CN.

To identify EEG features that discriminated DEM and MCI from
CN, we standardized the features and analyzed the odds ratios
(ORs) of logistic regression (LR) models on the matched groups.
p-values were adjusted using the Benjamini-Hochberg procedure
to correct for multiple comparisons.

To investigate how sleep features changed with age across
groups, we used a linear model with interaction terms based on
the following equation:

Feature = fo+ B1-Age+ B2 -DEM + 3-Age-DEM +

where DEM and MCI were coded as 1 if present and 0 otherwise.
All sleep features were standardized, and missing values were
imputed using K-nearest neighbors (K = 10). For each linear model
term, we identified the top sleep features based on the signifi-
cance and magnitude of their effect coefficients (B).

Machine learning classification

We created binary classification models to distinguish DEM, MCI,
and CN groups based on sleep features (Figure 1). For binary
classification, we created models to discriminate DEM versus
CN, MCI versus CN, and DEM/MCI (combined) versus CN. We
used three models: LR, support vector machine (SVM), and ran-
dom forest (RF). For feature selection, we used ANOVA as a fil-
ter method to select features independently correlated with the
dependent variable; and we used RF as a model-based feature
selection method. To optimize and evaluate performance of the
classifiers, we used nested fivefold cross-validation which incor-
porates hyperparameter tuning and out-of-sample performance
estimation. Within each fold of the outer loops, we standardized
the data and imputed missing values using k-nearest neighbor
imputation with K = 10. Then, we applied the filter and wrap-
per methods for feature selection and tuned the classification
model hyperparameters using grid search within the inner folds.
The grid search used area under receiver operating characteris-
tic (AUROC) as the metric to evaluate model performance and
optimize hyperparameters. Performance of each optimized model
was tested on the held-out data from the outer loop. We used
area under precision-recall curve (AUPRC) as a complementary
performance metric.

Due to the imbalanced nature of our dataset (DEM:MCI:CN =
1:1.5:22), we set a balanced class weight for all models, which
adjusted weights to be inversely proportional to class frequen-
cies. For LR models, we applied the elastic-net penalty and tuned
hyperparameters C (inverse of regularization strength) and 11

ratio (elastic-net mixing parameter). To implement linear SVM,
we used a stochastic gradient descent estimator with a hinge
loss function and tuned the hyperparameter alpha (a constant
that multiplies the regularization term). For RF models, we used
the Gini impurity to measure the quality of splits and tuned
hyperparameters for maximum tree depth, number of trees,
and a complexity parameter used for minimal cost-complexity
pruning.

Results
Baseline characteristics

After applying the exclusion criteria, our final dataset included
10 784 PSGs from 8044 participants. The median (interquartile
range) age was 63 (56-70) years and 57% were male. By our cri-
teria, 339 participants (449 PSGs) were categorized into the DEM
group, 514 (672 PSGs) into the MCI group, and 7263 (9663 PSGs)
into the CN group. When comparing DEM and MCI groups to the
CN group, we found significant differences in proportion of par-
ticipants with a history of mood disorders, anxiety disorders, dia-
betes, psychotic disorders, and alcoholism (Table 2). We found a
significantly higher proportion of cardiovascular disease in DEM
versus CN, but not MCI versus CN.
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Figure 1. Flowchart of EEG preprocessing, feature engineering, feature
selection, and model development pipeline.



Table 2. Summary of group characteristics
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Characteristics Total CN MCI DEM
Number of PSGs 10 784 9663 (42%) 672 (2.92%) 449 (1.95%)
Number of participants 8116 7263 514 339
Age 63 (56-70) 62 (55-69) 69 (62-75) 72 (63-78)
Sex
Female 4635 (43%) 4203 (43%) 249 (37%) 183 (41%)
Male 6137 (57%) 5449 (56%) 423 (63%) 265 (59%)
Ethnicity
Asian 284 (3%) 252 (3%) 10 (1%) 22 (5%)
White 8643 (80%) 7718 (80%) 583 (87%) 342 (76%)
Black 547 (5%) 503 (5%) 27 (4%) 17 (4%)
Hispanic 297 (3%) 261 (3%) 18 (3%) 18 (4%)
Other/unknown 1013 (9%) 929 (10%) 34 (5%) 50 (11%)
Type of study
Diagnostic 4610 (43%) 4147 (43%) 272 (40%) 191 (43%)
All night titration 3000 (28%) 2672 (28%) 200 (30%) 128 (29%)
Split night 3174 (30%) 2844 (30%) 200 (30%) 130 (29%)
Cardiovascular disease 8451 (78%) 7519 (78%) 539 (80%) 393 (88%)™*
Obstructive sleep apnea 6401 (59%) 5700 (58%) 422 (63%) 279 (62%)
Mood disorder 5543 (51%) 4741 (49%) 485 (72%)™* 317 (70%)™
Obesity 5393 (50%) 4855 (50%) 330 (49%) 208 (46%)
Insomnia 5175 (48%) 4611 (48%) 353 (53%)* 211 (47%)
Diabetes 4899 (45%) 4339 (45%) 335 (50%)* 225 (50%)"
Anxiety disorder 4602 (43%) 3913 (41%) 431 (64%)™* 258 (57%)™
Psychotic disorder 1177 (11%) 823 (9%) 188 (28%)*** 166 (37 %)™
Alcoholism 1057 (9.8%) 880 (9%) 108 (16%)™** 69 (15%)™

Percentage indicates proportion within each group or total. Interquartile range is indicated for age. For comorbid diseases, asterisks indicate a significant

difference in proportion compared to CN group.
*p <.05."p < .001.

Top discriminative features for DEM, MCI, and
CN groups

To assess which sleep features (from a feature space of 1066
features) most consistently differed between diagnostic groups,
we calculated ORs and p-values based on LR models, using
DEM or MCI as the case group and CN as the control group
(Figure 2). For DEM versus CN, 499 features had significant ORs
(177 associated with DEM and 322 associated with CN). For MCI
versus CN, 386 features had significant ORs (95 associated with
MCI and 291 associated with CN). The top discriminative fea-
tures associated with DEM and MCI were related to 6 and &
activity in W and N1 sleep, and features related to spindles
and slow oscillations. For MCI, the associations with features
related to 6 and & activity in W and N1 sleep were slightly
weaker, whereas the associations with features related to spin-
dles and slow oscillations were stronger. For DEM, we found
more associations with features related to 6 and 8 band powers
in REM sleep. When compared with DEM and MCI as a group,
the CN group showed consistent associations with a features
in W and N1 sleep, spindle features in N2 sleep, 6, 6, and a fea-
tures in N2 and N3 sleep, and most feature types in REM sleep
(Supplementary Figure S1).

Spectral analysis

Differences in IAF, TF, and spindle peaks from different sleep stages
are shown in Figure 3. For this analysis, we plotted the average
spectra in the occipital region. The occipital channels showed the
most prominent fast spindle peaks, which have known impacts on
Alzheimer’s disease (AD) [31], compared to frontal (Supplementary
Figure S2) and central channels (Supplementary Figure S3). found
that TF power was greater for DEM when compared with CN for
Wake (p < .001), N1 (p < .001), and REM (all p < 0.01). TF power was
similarly greater for MCI when compared with CN for Wake (p <
.001), N1 (p <.001), and REM (p < .05). The frequency of TF was signifi-
cantly higherin DEM (p < .05) and MCI (p < .001) for N1 sleep. IAF was
lower in the Wake, N1, and REM when comparing both DEM and MCI
with CN (p < .001 for all). For N2 sleep, power at the average spindle
peak frequency was significantly lower for DEM (p < .01), but not for
MCI, when compared with CN. For N3, no significant differences in
power spectra were observed at any frequency.

Relationship between sleep features, age, and
diagnostic group

To evaluate the relationships between sleep features, age, and
diagnostic group, we used a linear model with interaction terms
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Figure 2. Top discriminative features for (A) DEM versus CN and (B) MCI versus CN based on OR. Only features with significant associations were

included in the plot.

to model each sleep feature, based on participant age, diagnostic
group (DEM and MCI), and interactions between age and diagnostic
group (see Equation (1) in Methods section). Supplementary Table
S2 lists features with the top 20 positive, significant coefficients for

each term, and Supplementary Table S3 shows features with the
top 20 negative, significant coefficients for each term.

The DEM term (B,) had the largest positive effects on fea-
tures related to 6 band power in N1/Wake stages and the largest
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negative effects on features related to & band power in N2/N3
stages and kurtosis in N2. DEM x Age interaction term (B,) had
the largest positive effects on features related to spindles and the
largest negative effects on features related to a band power and
gradient mean in Wake/N1 stage. The MCI term (B,) had the larg-
est positive effects on features related to slow oscillations and
the largest negative effects on features related to § band power in
N2/N3 stages. MCI x Age interaction (B,) had the largest positive
effects on features related to slow oscillation and negative effects
on a heterogenous mix of other features, possibly due to having
lower magnitude effects compared with other effect coefficients.
Figure 4 illustrates the age-dependent effects across diagnostic
groups for the top features associated with DEM, DEM x Age, MCI,
and MCI x Age terms.

Dementia stage classification

We next evaluated the extent to which sleep features could be
used to discriminate between DEM, MCI, and CN groups using
machine learning models. On all tasks, performance of the three
different machine learning methods (LR, SVM, and RF) were sim-
ilar. Figure 5 shows the receiver operating characteristic (ROC)
curves and precision-recall curves for binary classification tasks.
For discriminating DEM versus CN, SVM had the best performance
(by a small margin) with an AUROC of 0.78 and AUPRC of 0.22
(AUPRC for chance level performance = 0.04). For discriminating
MCI versus CN, LR performed best with an AUROC of 0.73 and
AUPRC of 0.18 (AUPRC for chance level performance = 0.06). For
discriminating DEM/MCI versus CN, LR performed best with an
AUROC of 0.76 and AUPRC of 0.32 (with chance level performance
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= 0.10). Supplementary Table S4 lists performance metrics for
each classifier in detail.

Discussion

Our findings demonstrate that features derived from sleep EEG
can be used to discriminate DEM, MCI, and CN groups. Out of
1066 sleep features, 177 features were positively and signifi-
cantly associated with dementia, and 95 features were positively
and significantly associated with MCI when compared with CN.
Spectral analysis demonstrated observable differences in land-
mark frequencies across DEM, MCI, and CN groups. Some sleep
features showed significant interaction effects between age and
diagnostic group. Binary classifiers achieved decent AUROC and
AUPRC scores for distinguishing DEM versus CN, MCI versus CN,
and DEM/MCI versus CN.

The DEM, MCI, and CN groups have distinct associations with fea-
tures in different sleep stages. DEM and MCI groups had discrimina-
tive features related to 0 and 6 activity in W and N1 sleep, compared
with CN. Chiaramonti et al. [32] found that dementia was associated
with high absolute power in 6 and & frequency bands. The 6/a ratio
is also known to be higher in patients with dementia [33]. Features
related to spindles and slow-wave oscillations were also important
for distinguishing DEM/MCI and CN. Studies have shown that both
AD and MCI have decreased spindle density in N2, likely related to
memory consolidation facilitated by hippocampal-cortical inter-
actions, compared to healthy controls [20, 23]. Moreover, reduced
spindles may represent an early dysfunction related to tau, reflect-
ing axonal damage or altered neuronal tau secretion, according
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the IAF, TF, and Spindle peaks are annotated as (frequency and power). Significance differences (p < .05 for ANOVA test) in frequency and power of
landmarks are indicated in bold. Black line indicates significant differences in power spectra across groups at specific frequencies.
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coefficients in the spindle interval.

to a study by Kam et al. [34]. Diminished Spindle-SO coupling and
slow-wave amplitude are also known features of tau and B-amy-
loid plaques respectively [35]. DEM showed more associations with
features related 0 and & in REM sleep, which may reflect REM sleep
disturbances due to cholinergic dysfunction in dementia, consistent
with prior studies in AD that evaluated slow frequency activity in
REM [36, 37]. The MCI group had stronger associations with features
related to slow oscillations when compared with the DEM group,
which may suggest these features to be related to early stages of
neurodegeneration. In W and N1 sleep, CN had prominent associ-
ations with most features related to a activity, which is correlated
with hippocampal volume [38] and cognitive and memory perfor-
mance [39]. In contrast, the power ratio of a3/a2, a known indicator
of MCI to dementia conversion [24, 25] correlated with hippocampal
atrophy [40], was found to be associated with MCI. The CN group’s
associations with o, 0, and a features in N2/N3/REM sleep were
expected as robust slow-wave and REM sleep features have known
associations with preserved cognitive function [41].

Spectral analysis demonstrated significant differences in land-
mark spectral peak frequencies in all sleep stages when compar-
ing DEM and MCI groups to age and sex-matched CN participants.
The shifting of the IAF peaks to lower frequencies is typically a

stable neurophysiological trait of aging and age-related neuroan-
atomical changes, such as degeneration of gray and white matter
[42, 43]. Given that this shift was found in age-matched DEM and
MCI groups, the observed a peak frequency slowing is likely due
to progression of disease instead of normal aging. Consistent with
our findings, Moretti et al. [25] observed slower IAF for Alzheimer’s
participants compared with normal. Tanabe et al. [44] also found
that a peak frequency slowing was associated with amyloid and
tau pathology impacts. The accentuated power at the 6 and &
bands in W and N1 stages for both DEM and MCI groups has been
observed previously [32]. Surprisingly, the difference in power was
most pronounced at the TF. The accentuated power at TF is not
often discussed as a characteristic of dementia, but our results
show that this is an important predictor. Diminished spindle
peaks in N2 for the DEM group are an indicator of decreased spin-
dle power, which aligns with prior research that found reductions
in spindle amplitude for AD participants [45, 46]. However, no dif-
ferences in spindle peaks were observed for the MCI group, which
may suggest that changes in spindles are more characteristic of
later-stage dementia [47]. We found no significant differences in
spectral analysis in N3, which suggests that spectral information
in N3 is less informative as an indicator for dementia/MCIL.
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Figure 5. ROC curves and precision-recall curves of classifiers, DEM vs CN, MCI vs CN, and DEM/MCI vs CN, evaluated with nested cross-validation.

Black dashed line represents chance level performance.

Results from our linear models revealed differences in feature
change with age across DEM, MCI, and CN groups. The presence
of dementia increased the features related to 0 band power in N1/
Wake stage, including 6/a band power ratio, a known marker of
AD [33]. The increase in theta power in Wake/N1 stages is charac-
teristic of elderly people with longitudinal cognitive decline and
negatively correlated with hippocampal volume and perfusion
level [48]. Dementia also decreased the features related to 6 band
power in N2/N3 stage, reflecting diminished slow-wave activity.
Age-modulated effects of dementia increased features related
to spindle activity, such as mean integrated spindle activity per
spindle, number of oscillations per spindle, and spindle duration.
These features captured specific morphological characteristics
of the spindles, rather than the spindle density, which decreases
with both normal aging and dementia [23]. Ktonas et al. [49] also
found that spindles from dementia participants exhibit faster
oscillations than controls, although we did not observe shorter
spindle duration as they did. Features related to a band power in
Wake/N1 stage decreased the most with age-modulated effects of
dementia. This is expected as we know that a rhythms decrease as
a function of age [50] and even more dramatically in dementia. The
presence of MCI seems to increase features related to slow oscil-
lations, including SO negative peak duration, duration, and peak-
to-peak threshold. Increases in these SO features may reflect the
age-related changes in morphology of slow-waves, namely longer
duration depolarization and hyperpolarization processes [51], that
may be accentuated by neurodegenerative diseases. Features that
decreased the most with dementia were related to 6 band power in
N2/N3 stage, reflecting decreased slow-wave activity during slow-
wave sleep. Similarly, features that decreased the most with MCI
were related to 8 band power in N2/N3 stage.

Our binary classification models achieved good performance
overall on the DEM versus CN task. The MCI versus CN task per-
formed comparatively worse, which was expected given that MCI

is physiologically less distinctive than DEM. Some prior studies
focusing on the same general problem using other datasets have
reported higher discrimination [11-13, 52]. However, most of these
have much smaller patient cohorts, thus it is unclear whether
results generalize to larger and more diverse cohorts. Neto et al.
[15] had a larger cohort size of 114 patients with AD and 114 with
vascular dementia (VaD) patients and achieved performance sim-
ilar to ours in discriminating dementia patients with AD (AUROC
=0.74) and VaD (AUROC = 0.77) from healthy controls. Prior stud-
ies have also used data from wake EEG recordings with dense EEG
channels (about 20). Our study is unique in that we used sleep
EEG, which better reflects autonomic physiology.

Limitations

There are several limitations to this study. First, our study was
done using PSGs obtained from sleep clinics; the generalizabil-
ity of our findings to populations warrants further study. Second,
labeling of DEM and MCI groups relied on clinical diagnoses and
cognitive screening tests, which were extracted from the elec-
tronic medical record, and did not include biomarker or neuro-
pathologic confirmation. Third, our MCI and DEM groups likely
included individuals with different underlying neurodegenera-
tive diseases, such as Alzheimer’s disease, VaD, frontotemporal
dementia, and Lewy body dementia, that may each have distinct
EEG signatures [53-56]. For our dataset, we were limited by the
number of people with confirmed diagnoses of specific neurode-
generative diseases. Further study examining differences in EEG
patterns across different neurodegenerative diseases may be
informative to our research.

Conclusion

Our study shows that brain activity during sleep has the poten-
tial to detect features associated with dementia and contains
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information that can help inform individual-level clinical deci-
sion-making. There is thus promise for clinical translation using
home-based wearable EEG to routinely screen individuals for
dementia and provide individual-level neuropathological esti-
mates for diagnosis and monitoring of disease progression.
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