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Abstract

Quantitative features could help objectively identify and grade insomnia severity, though there is currently no pathophysiological
biomarker of insomnia. In this study, we used the largest cohort of individuals with and without insomnia to date to train a model
capable of distinguishing people with insomnia from those without insomnia. We identified 720 spectral, 606 spindle, and 16 macro-
architecture features from electroencephalogram (EEG) channels of the polysomnography and examined their ability to classify
people with insomnia and insomnia subtypes (subjective, maintenance, onset, and combined maintenance and onset), compared to
individuals without insomnia. Consistent with prior work, these features poorly classified individuals when assessed independently.
However, a linear combination of these features (the “Insomnia EEG Score” [IES]) was able to distinguish individuals with (N =2123) and
without (N =930) insomnia, with spectral features providing the greatest discrimination (outperforming models based on hypnogram
macroquantities or spindle features). These results demonstrate that insomnia is likely a quantifiable sleep disorder, albeit one requiring
multiple objective measures (such as IES) to gauge disease subtype and, potentially, response to therapeutic interventions.

Clinical Trials

Study to Assess the Efficacy and Safety of ACT-541468 (Daridorexant) in Adult and Elderly Subjects with Insomnia Disorder, https://
clinicaltrials.gov/study/NCT03545191, NCT03545191; Study to Assess the Efficacy and Safety of ACT-541468 (Daridorexant) in Adult and
Elderly Subjects Suffering from Difficulties to Sleep, https://www.clinicaltrials.gov/study/NCT03575104, NCT03575104.
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|ES spectral feature-based models demonstrated
the best classification performance. |IES scores
were highest for combination sleep onset and
maintenance insomnia while lowest for subjective
insomnia and non-insomnia. ML modelling of PSG
EEG data demonstrates potential in objective
sleep disorder monitoring.
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Statement of Significance

responses longitudinally.

Although quantitative measurements of sleep are not standard and generally not needed for the diagnosis or management of insomnia,
there are cases where objectively quantifying aspects of this disease could be of clinical or research value. Here, we demonstrate the
ability of a machine learning model utilizing sleep EEG signals to distinguish individuals with insomnia from individuals without a
diagnosis of insomnia and provide a quantitative insomnia score (the “Insomnia EEG Score”). The model was trained on the largest-
to-date insomnia dataset, incorporating data from many sites and thousands of individuals across a diverse age spectrum. This model
provides the basis for an objective characterization of different insomnia subtypes, which could prove valuable in evaluating therapeutic

Introduction

The Diagnostic and Statistical Manual of Mental Disorders,
Fifth Edition (DSM-5) defines insomnia disorder as a sleep-wake
disorder involving inadequate sleep associated with impairments
in daytime function occurring at least three nights per week for
at least 3 months, indicating the condition’s persistence and
chronicity [1]. DSM-5 diagnostic criteria [2] cluster insomnia
symptoms into three types: difficulty falling asleep, difficulty
maintaining sleep, and early morning awakening. Both the
diagnosis and subtyping of insomnia disorder are based mainly
on subjective patient reports, requiring no objective sleep
measurement for diagnosis or management. However, it is well
known that an individual’'s perception of sleep duration and
quality can conflict with objective sleep measurements such as
total sleep time (TST), latency to persistent sleep (LPS), and wake
after sleep onset (WASO), as measured with polysomnography
(PSG) [3-5]. For this reason, it is not uncommon to use both
subjective and objective sleep metrics to characterize disease
during the development of novel therapeutics for sleep disorders
[6]. Although PSG is not a mandatory requirement for the
diagnosis or monitoring of insomnia disorder, its use can be
particularly beneficial in specific cases. According to the updated
guidelines for the treatment of insomnia from the European Sleep
Research Society published in November 2023 [7], PSGs should
be considered in order to exclude other sleep disorders (such
as sleep apnea, restless leg syndrome, or others), for patients
with insomnia that don’t respond to treatment, in patients with
insomnia that are at risk for tiredness/fatigue-related accidents,
and in cases where there is a significant discrepancy between
subjective and objective sleep findings (sleep misperception).
Objective data therefore still constitute an important tool for
the management of insomnia disorder.

Prior studies, focusing on the hypnogram (sleep and wake
staging) [4, 8-12] and EEG power spectral analyses (examining the
power content of traditional EEG bands) [13-18], have provided
varied and sometimes conflicting findings. Single features derived
from hypnograms often show poor sensitivity and specificity in
classifying insomnia [19], as patients with this pathology typically
exhibit only slight differences in objective sleep macrofeatures,
such as time in specific sleep stages, TST, LPS, and WASO when
compared to healthy sleepers [4, 12]. Failure of the PSG-based
hypnogram to better characterize insomnia could be due, at least
in part, to the heterogeneity of specific insomnia subtypes with
differing underlying neuropathology [20, 21]. As such, it also
highlights that in addition to sleep quantity, qualitative aspects
play an important role, as highlighted in individuals with sleep
misperception [5, 11]. Power spectral analyses, which often com-
plement analyses of sleep macrofeatures, have identified more
consistent findings than hypnogram-based sleep studies. Most
commonly, spectral analyses demonstrate reduced delta power
in wake and N1 and increased power in faster frequency bands

(particularly in the alpha and beta bands) [22, 23]. While a recent
large study [14] suggested that the elevation in beta power could
be due to inclusion of individuals taking sedative-hypnotic benzo-
diazepines, the shift of background frequencies to relatively faster
rhythms could suggest that individuals with insomnia (or at least
a large subset thereof) suffer from a state of neurophysiological
“hyperarousal” [16, 17, 22, 24], causing difficulties in initiating
and/or maintaining sleep throughout the night.

While these studies suggest that EEG-based spectral features
during sleep could be indicative of insomnia, there is no currently
accepted single EEG-derived measure. In fact, it is unlikely that a
single EEG feature could provide such a measure, given the het-
erogeneity of the disorder and the low magnitude of EEG feature
differences in individuals with and without insomnia. Assuming
that brain activity in sleep is relevant to insomnia, it is more likely
that a combination of measurable features could characterize
disease. If so, large datasets coupled with machine learning (ML)
analytics incorporating many EEG-based variables could provide
substantially better insight [21]. Such ML models could advance
the characterization of insomnia subtypes and evaluation of the
effects of therapeutic interventions.

The present study leveraged the largest cohort assembled to
date, with >2200 individuals with insomnia and >1400 individuals
without insomnia, to develop a multivariate EEG-based neuro-
physiological biomarker of insomnia. The intent of this metric
(the “Insomnia EEG Score,” IES) was to leverage a data-driven ML
approach to integrate a large number of EEG-derived features
from many individuals to distinguish individuals with insomnia
from individuals without insomnia.

Materials and Methods
Study cohort and subgroup selection

Data analyzed in this study came from four sources: two clin-
ical trials (Idorsia Phase 3, studies 301 and 302, clinicaltrials.
gov: NCT03545191 and NCT03575104) that included 1839 pre-
dose screening overnight PSG recordings from 1839 individuals
who went on to participate in the first single-blind placebo PSG;
the Sleep Heart Health Study (SHHS) [25, 26], which included
6495 recordings from 4778 individuals; and the Beacon Clinico-
PSG Database (Beacon), which included 7671 PSGs from 6441
individuals from a single-site US academic medical center. PSG
recording characteristics differed across the sites, reflecting real-
world data. SHHS used only two central channel EEG leads, while
recordings from the Beacon dataset and the Idorsia trials utilized
six EEG electrodes (F3/F4, C3/C4, and 01/02), as described in Di
Marco et al. [23] PSG duration was for the duration of natural
sleep and was at least 6 h for Beacon dataset PSGs (recorded in
clinical settings), at least 8 h for Idorsia clinical trial PSGs (per
study protocol), and at least 4 h of recorded data for SHHS (per
the study protocol, https://jhuccsl.us/shhs/details/design.htm).
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Figure 1. Diagram with number of individuals and recordings in each group and subgroup, broken down by dataset (number of individuals in the
numerator; number of available recordings in the denominator). Individuals with insomnia were required to have sleep efficiency <0.85, a subjective
complaint of insomnia, to not be taking medications affecting insomnia, and no lifestyle circumstances that poor sleep could be attributed to.
Individuals without insomnia were required to have sleep efficiency >0.85, no subjective complaint of insomnia, and to not be taking certain
medications. Individuals were excluded from all groups if they had certain medical conditions or if they had an Apnea Hypopnea Index >15.

The counts of individuals and PSGs are grand totals before exclu-
sion/inclusion criteria were applied. All individuals were at least
18 years old. Exclusion criteria were chosen to reduce confounds
from conditions other than insomnia. Specifically, we excluded
individuals who had significant psychiatric, neurological, medi-
cal, or sleep conditions (e.g. sleep apnea, restless legs syndrome)
other than insomnia (see Figure 1 and Supplementary Table S2),
or who were taking medications known to impact sleep (see
Supplementary Table S3). Included individuals were categorized
as either not having insomnia or having insomnia. Note that
some participants contributed more than 1 PSG to the cohort,
as noted in Figure 1. These accounted for a small percentage
of the total count and were mainly in the control cohort. To
ensure individuals with repeat data did not bias the data, the best
performing model was retrained on only the first PSG (discarding
subsequent PSGs from any individual) and results were com-
pared to the all-inclusive model. Individuals with insomnia were
divided into four subgroups: subjective only, sleep onset insomnia,
sleep maintenance insomnia, and both sleep onset and mainte-
nance insomnia. Criteria used for these groupings are described
below.

Individuals without insomnia

Individuals without insomnia were used as the comparison
group and all individuals included came from Beacon and SHHS
datasets. To be included in this group, individuals were required
to not meet any of the exclusion criteria mentioned above and
to have no subjective complaints of insomnia (see Supplemental
Materials). However, absence of insomnia symptoms were not
always documented, and an additional criteria was imposed that
they have a sleep efficiency of >0.85, which is based on sleep
efficiency values typical of healthy individuals in the age range of
our data [27]. These criteria were designed to establish this group
as a set of approximately “healthy” sleepers. Note that some of
the data for this group originated from clinical sleep laboratories

performing exams on referred patients, so we refer to this group
as “non-insomnia” rather than healthy.

Individuals with insomnia

Individuals with insomnia were selected from Idorsia, Beacon,
and SHHS sources (see Di Marco et al. 2024 [23] for full details).
All individuals were required to have subjective sleep complaints
or a formal insomnia diagnosis, not be taking medications for
any sleep disturbance, and not report behaviors or other lifestyle
factors that would confound an insomnia diagnosis (see Supple-
mental Materials for more details). Idorsia data were limited to
the 1839 pre-dose screening PSGs of the individuals who went on
to participate in the first single-blind placebo PSG, of which 1733
were associated with usable PSGs and requisite metadata. Across
all three datasets, included individuals were required to have a
recorded sleep efficiency of <0.85. All individuals in the insomnia
group were then categorized into 4 insomnia subgroups based on
WASO (the total number of minutes in bed spent awake after
the first sleep epoch of persistent sleep), and LPS (the number
of minutes from the beginning of time in bed until the first
10 minutes of uninterrupted sleep). The four subgroups were
defined as follows:

1) Subjective insomnia—Subjective
WASO <30 min, LPS <20 min.

2) Onset insomnia—Subjective insomnia complaints, WASO
<30 min, LPS >20 min.

3) Maintenance insomnia—Subjective insomnia complaints,
WASO >30 min, LPS < 20 min.

4) Onset 4+ Maintenance insomnia—Subjective insomnia com-
plaints, WASO >30 min, LPS > 20 min.

insomnia complaints;

Note that because 59 (9 per cent) of SHHS and 93 (7 per cent)
of Beacon individuals had more than one PSG recording (at most
three PSGs, typically recorded years apart) each with different
associated metadata, a small number of individuals had one PSG
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in the “without insomnia” group and one in the “with insomnia”
group, and a small number of individuals had PSGs with different
insomnia subtypes. In the modeling and evaluations described
below, each PSG was treated as one data point, ignoring diagnoses
from other studies or the identity of the individuals who were
being recorded. Note that subject-dependent PSGs (those coming
from 1 participant) accounted for 1 per cent of the insomnia
recordings and 8 per cent of the control (non-insomnia) recordings
in total (see breakdown in Figure 1).

Artifact reduction and signal normalization

EEG signals were preprocessed as follows and as described in
detail in our prior work [23]. All 3-s segments of EEG signals where
at least half of the EEG channels had a root-mean square ampli-
tude <1 uV or >250 uV were considered artifactual and removed.
These thresholds were chosen to be well outside of the physiologic
range of ~10 to 100 uV [28]. To reduce the influence of site-related
differences, we utilize ratios of band powers instead of absolute
band power values when analyzing spectral features of the EEG;
see the next section for details. All PSG recordings (Beacon, SHHS,
and Idorsia recordings) were re-sampled to 200 Hz and high-
pass filtered (cutoff at 0.5 Hz). This high-pass filtering brought
the distributions of relative powers across all sites within range
of each other. Finally, we note that SHHS recordings included
only the two central EEG leads (C3, C4), whereas recordings from
other sites included all standard PSG leads (F3, F4, C3, C4, O1,
02). Therefore, only C3 and C4 are included in any analyses that
included SHHS as a dataset, to enable fair comparisons.

Univariate analyses

For each PSG recording, we calculated a series of features to
summarize the information captured across the entire night. We
divided features into three broad types: (1) spectral: aggregate
statistics of relative spectral powers in the delta, theta, alpha, beta
bands; (2) spindle: characteristics derived from sleep spindles that
were detected by an automated algorithm; (3) macro-architecture:
quantities calculated from scored sleep stages over the course
of the night (such as percentages of sleep time spent in a given
sleep stage). Comparisons of each of these individual features
between the onset+maintenance insomnia subgroup and the
non-insomnia group are reported in Di Marco et al. 2024 [23].

Spectral features

Spectral features were derived using the power in four frequency
bands (delta: 0.5-4 Hz, theta: 4-8 Hz, alpha: 8-12 Hz, beta: 12—
30 Hz). Band powers were estimated using a multi-taper spec-
trogram using 2-s windows (1-s overlap) within the recording
[29-31]. Consecutive time slices overlapped by 1 s, i.e. there was a
step of 1 s between the beginning of each time slice and the next.
The frequencies resolved by the spectrogram falling into the same
band were summed together, and across channel lateralization,
resulting in powers for each band and each of the three longitu-
dinal electrode positions (frontal, central, and occipital, except in
analyses including SHHS data which only have the central posi-
tion available). Different ratios were then computed from these
powers for each 2-s time slice: relative powers (delta/T, theta/T,
alpha/T, beta/T, where T =delta + theta +alpha + beta is the total
power) and power ratios (delta/alpha, theta/alpha, alpha/beta,
theta/beta, delta/beta, delta/theta). The final spectral features
analyzed at the sleep stage and recording levels were the result
of two further aggregations: (1) For each of the 4 relative band
powers and 6 ratios in the 2-s windows, features were aggregated
to 30-s epochs by computing their mean, standard deviation,

minimum, and 95 per cent quantile values. The resulting 101
quantities over 30-s segments are similar to the features used for
automated sleep staging in prior work [32]. These statistics over
30-s windows were then averaged over all the epochs of a record-
ing in each sleep/wake stage (wake, N1, N2, N3, and REM) and
over the entire lights-off period (which is equivalent to averaging
over all five stages combined). Spectral features were finally log-
transformed to reduce skew/outliers. In all, this resulted in 720
engineered spectral features (see Supplemental Materials for a
detailed breakdown of these features).

Spindle features

Spindle features were calculated from sleep spindle events
detected using the open-source Luna package (http://zzz.bwh.
harvard.edu/luna/). In order to maintain consistency with the
use of the Luna spindle analysis, filtering and artifact removal
parameters were used as described by the Luna package. First,
each recording was re-sampled to 128 Hz and a band-pass filter
was applied restricting to 0.3 and 35 Hz. A Kaiser window was
applied with a ripple of 0.01 and transition width of 0.5 Hz.
Artifacts were removed by computing power within the delta
band, rejecting epochs that had more than 2.5 the average delta
power in a 15-epoch sliding window [34].

After artifact removal, spindles were detected within all N2
stages by first convolving a Morlet wavelet (13.5 Hz) over the signal
and then smoothing the convolution’s magnitude using a sliding
window of 0.1 s. Spindles were detected from this convolution by
thresholding: at least 0.3 s had to be over 4.5 the mean of all N2
epochs, and in a 0.5 s window around this region, power had to
be at least twice this N2 epoch mean. These putative spindles
were merged if they fell within 0.5 s of one another, and any
that lasted longer than 3 s were rejected. This basic approach to
spindle validation, via Morlet wavelets, has been validated against
manual spindle annotation [35].

To derive features from the coupling between spindles and slow
oscillations (SOs) during N2 sleep, SOs were detected by lowpass
filtering the entire signal at 4.5 Hz and marking all consecutive
positive-to-negative zero—crossings that fall between 0.8 and 2 s
in length as a SO.

All spindle features were limited to stage N2 sleep. The fol-
lowing six features were derived from the detected spindles and
their associated SO (when present): (1) amplitude: largest peak-
to-peak amplitude in a band-pass-filtered signal (11-15 Hz); peak
frequency (the modal frequency in the signal spectrum); oscilla-
tion count (number of oscillations per spindle); symmetry index
(based on the relative location of the spindle’s central “peak,”
which is the point of maximum peak-to-peak amplitude); SO
phase peak: SO phase at spindle peak; duration (in s). Each spindle
was categorized as being fast (peak frequencies >13 Hz) or slow
(<13 Hz), and each of the six above features were then aggre-
gated to the whole recording level using the following statistics:
mean, standard deviation, kurtosis, skew, minimum, maximum,
and 0.25, 0.5, and 0.75 quantile values. While computing these
statistics, fast and slow spindles were kept separate for all six
features except for peak frequency for which these same statistics
were computed over fast and slow spindles combined. In addition,
we computed and used the spindle density (number of spindles,
without distinguishing between fast or slow spindles, per minute
of N2 sleep) and dispersion (mean dispersion index of the spindle
count over 30-s epochs, defined as the ratio of the variance to the
mean of spindle counts, without distinguishing between fast and
slow spindles). All spindle features were computed separately per
channel. In all, this resulted in 606 engineered spindle features
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(see Supplemental Materials for a detailed breakdown of these
features).

Sleep macro-architecture features

All PSG recordings underwent conventional manual sleep stage
scoring by qualified sleep technicians following American
Academy of Sleep Medicine standards [33]. Each 30-s epoch is
scored as 1 of the 5 stages: wake (W), rapid eye movement (REM),
NREM stage 1 (N1), NREM stage 2 (N2), and NREM stage 3 (N3).
Macro-architecture features were computed as the percentage
of time spent in each non-awake sleep stage relative to the TST
(time spent in N1, N2, N3, or REM but not in W) in each quarter
of the lights-off period. This resulted in 16 engineered macro-
architecture features.

Multivariate analyses: The IES

We created IES scores by training ML models to discriminate
between brain activity from individuals without insomnia and
individuals in any of the four insomnia subgroups. To compare
the information contained in different aspects of sleep, we created
separate IES scores based on our three types of engineered fea-
tures: spectral features, spindle features, and macro-architecture
features. In each case, the IES score is a weighted sum of feature
values, where the weights are optimized using a sixfold cross-
validation approach, with the following steps:

(1) Compute engineered features for each recording (see above)

(2) Normalize features to have zero mean and unit variance
across all recordings

(3) Oversample recordings to create equal numbers of individu-
als with versus without insomnia

(4) Partition recordings into six random folds such that over-
sampled duplicates of recordings are placed in the same fold
as the original recording

(5) Hold each fold out as an evaluation set, using the other five-
fold as data to train L1-penalized logistic regression models
for a range of different penalty strengths, 2 [5, 10, 20, 50, 100,
200, 400, 1000]

(6) Select the penalty strength that produces the highest area
under the curve (AUC) averaged over the folds

(7) Use the six resulting logistic regression models (one per fold)
to compute the (held-out/cross-validated) predicted proba-
bility of being an individual without insomnia for each fold

(8) Interpret the output of these logistic regression models as an
IES score

IES scores comprising features from all six PSG channels could
only be trained on Beacon and Idorsia datasets, while those com-
prising features from central electrodes (C3, C4) could be trained
on all three datasets (Beacon, Idorsia, and SHHS). This sixfold
cross-validation methodology allows for the use of all data points
for both training and validation and therefore avoids the general
pitfall of the feature optimization methodology, which is that
weights must be optimized on a held-out set of data (i.e. data not
used to train the model). This methodology was applied for each of
the three types of engineered features separately and for the three
feature types combined. On 6-channel data, this methodology was
also applied separately to the Beacon dataset only and on the
Beacon and Idorsia datasets together. On 2-channel data, it was
applied separately to all six combinations of the three datasets
that have individuals with and without insomnia (this excludes
using Idorsia on its own, since this dataset only has individuals
with insomnia). All in all, this resulted in 32 IES scores.
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Evaluation of feature discrimination

We use the area under the receiver operating characteristic curve
(AUROC) to quantify how different the distributions of engineered
and IES features are between individuals without insomnia and
individuals with insomnia (in any of the four insomnia sub-
groups). AUROC measures the average true positive rate over
the whole range of false positive rates: by varying a classifica-
tion threshold applied to the feature, one obtains classifications
with false positive rates ranging from 0.5 (no discrimination of
groups) to 1 (maximum discrimination of groups), each with a
corresponding true positive rate (sensitivity). The AUROC provides
a more comprehensive account of model performance than can
be conveyed by a simple accuracy measure, being the average
sensitivity when weighing false positive rates equally as one
varies the classification threshold. Note that AUROC values were
expected to be elevated, given the underlying insomnia versus
non-insomnia groups were defined in part by differences in objec-
tive sleep efficiency. To distinguish the significance of different
AUROC scores, we performed DeLong’s Test to determine the
statistical significance (p-value) of the difference between curves
[36]. DeLong's test uses the covariance between the AUC values of
two ROC models to calculate a z-statistic, used to calculate a two-
sided p-value for the null hypothesis that the models are equal.
Bonferroni corrections were applied to each pairwise p-value to
correct for multiple comparisons.

We also calculated precision recall (PR) curves, which empha-
size the precision of the model, by deriving precision (true
positives/(true positives + false positives)) and recall (true
positives/(true positives + false negatives)) at varying model
thresholds. The area under the PR curves (AUPR) was calculated
and is reported with AUROC values.

Dependence on age and sex

In addition to the macroquantity, spindle and spectral features
considered, all IES models include age and sex as inputs. Model
AUROC statistics quoted here are therefore not adjusted for age
or sex. To account for the impact of age and sex, we examined
the AUROC of age or sex only models (0.62 AUC for age and 0.57
AUC for sex) and compared to test model AUROCs. Additionally,
we selected the most accurate model and examined parameters
included at a sweep of A values to characterize which parameters
would be included at varying penalties. This is characterized in
the Model specifications and coefficients under Results section.

Results
Cohort characteristics

Characteristics of the cohort are shown in Figure 1. After apply-
ing inclusion and exclusion criteria, the numbers of individu-
als and recordings (n/N) were 1455/1575 (92 per cent) for the
non-insomnia group, and 2248/2276 (99 per cent) for the insom-
nia group. In the insomnia group, the number of individuals
and recordings available for analysis within each category was:
subjective only: 19/19 (100 per cent); maintenance: 420/431 (97
per cent); onset: 108/108 (100 per cent); maintenance + onset:
1710/1718 (99.5 per cent). The median age of the non-insomnia
group was 51 years, and 64 per cent of individuals were female.
The median age of the insomnia group was 58 years and 50
per cent of the individuals were female (p <.001). Note that the
populations were not intended to be matched between based on
any variable for insomnia versus non-insomnia or between sites,
with age and sex being controlled in the multivariate models.
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It is therefore expected that age, sex, and TST were statisti-
cally different between sites (see Supplementary Table S4, all
p-values <.001). This may also reflect fundamental “site” (the
Idorsia clinical trial with patients rigorously selected as outlined,
Beacon datastore with clinical PSGs from patients undergoing
evaluation, and SHHS with subjects representing a cross section
of the adult >40 population without sleep apnea) differences. Site
level differences are shown in Supplementary Tables S4 and S5.
All site level differences were statistically significant except that
WASO was not different between the Beacon and SHHS insomnia
groups, percent N2 was not statistically significantly different
between the Beacon and SHHS non-insomnia groups, and age was
not statistically significantly different between the Idorsia and
Beacon with insomnia groups.

Univariate analyses. In Figure 2, we visually compared the abil-
ity of spectral (240 features), spindle (202 features), and macro-
architecture (16 features) derived features and the IES scores (18
features) to correctly classify individuals using features derived
from central channels only; Supplementary Figure S1 similarly
shows all 720 spectral, 606 spindle, 16 macro-architecture, and
24 IES score features that can be derived from all six channels.
Features are clustered along the X axis of the heat map by feature
type, while insomnia and non-insomnia cohorts are clustered on
the Y axis. Feature values are rescaled to a number between 0
and 1 so that all features could be visualized on the same plot
despite differences in units and scales. Finally, because some
features correlate positively and others correlate negatively with
insomnia, features with negative correlation with insomnia are
flipped (1 — x) so as to correlate positively with insomnia. An ideal
feature set would therefore show mostly high values for insomnia
individuals and low values for non-insomnia individuals.

Sleep macro-architecture features. The macroquantities con-
sidered for this study were sleep stage based features defined
as the percentages of time spent asleep (spent in N1, N2, N3, or
REM but not Wake) in each of the four non-Wake sleep stages in
each quarter of the night (4 non-wake sleep stages over 4 quarters
of the night, for a total of 16 features). These PSG-based macro-
architecture features are the second column in Figure 2. Many
of these features demonstrated statistically significant differ-
ences between insomnia and non-insomnia groups, as previously
reported [23]. However, none of these features performed well in
isolation as a classifier of insomnia. At best, the percentage of
N1 time in the second quarter of the night demonstrated modest
discrimination, with an area under the receiver operator curve
(AUROC) of 0.72 (see Figure 3).

Spectral features. Results for the univariate analysis of spec-
tral features are shown in the third column of the heat map
in Figure 2. Consistent with prior reports, many of these fea-
tures demonstrated statistically significant differences between
insomnia and non-insomnia groups [23]. However, when consid-
ered individually, spectral features also poorly classified insomnia
vs non-insomnia individuals, even when superior to macro and
spindle features. The AUROC for the single best spectral feature
(minimum relative delta over 30-s epochs averaged across the
night) was 0.74. Precision recall AUC (AUPR) was poor at 0.51, sug-
gesting that the model has some ability to differentiate between
insomnia and non-insomnia, but its performance on classifying
insomnia is weak (and this class is inherently less likely in the
dataset).

Normalized Feature Rank Order
2-channel features

1.0

Onset
+

Maint.

Maint.

0.5
Onset =22

Subjective
only

Recordings

Non-
insomnia

Spidle Macro e

Features

IES Spectral

Figure 2. Heat map of normalized rank orders for all features derived
from central channels, across all recordings, grouped by subgroup and
feature type. To compute feature rank orders, feature values were
mapped to their sorted rank among the set of non-missing values
available for that feature, so that for example the smallest feature value
turns into rank order 1, and the largest turns into the total number of
recordings. These rank integers were then normalized to cover the range
between 0 and 1. Features negatively correlated with insomnia are
flipped (1 —x) so that for all features, larger values correspond to
insomnia. Recordings missing values for any of these features are not
shown. Recordings were randomly shuffled within each subgroup, and
features shuffled randomly within each feature type. For
macro-architecture (macro), spindle and spectral features, differences
between insomnia and non-insomnia groups are subtle, whereas they
are more apparent for IES features.

ROC for features with highest AUC

< Best 6-channel IES
(Spectral, without SHHS): 0.98 AUC, 0.95 PRAUC

e ‘Best Central-only IES
(Spectral, with SHHS): 0.96 AUC, 0.94 PRAUC

* . Best All-feature IES
Central-only (with SHHS): 0.95 AUC, 0.93 PRAUC

= Best Spectral: 0.74 AUC, 0.51 PRAUC
=== Best Macro: 0.72 AUC, 0.30 PRAUC
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Figure 3. ROC curves and corresponding AUC scores for the macro,
spindle, spectral, and IES features with the highest AUC scores, along
with AUC scores for age and sex. Both age and sex were provided as
inputs to compute IES, along with EEG features.

Spindle features. Results for the univariate analysis of spindle
features are shown in the first column of the heat map in
Figure 2. Many of these features demonstrated statistically
significant differences between insomnia and non-insomnia
groups [23]. Like sleep macro-architecture features, individual
spindle features poorly distinguish individuals with insomnia
from non-insomnia individuals, with an AUROC for the best
spindle feature of 0.71 (the standard deviation of the peak
spindle frequency on the O2 channel, see Figure 3). The AUPR was
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0.23, again demonstrating that this univariate model had poor
precision.

Multivariate analyses. As reported in prior literature, none
of the individual EEG-based features examined reliably distin-
guished insomnia from non-insomnia individuals. The multivari-
ate models (using combinations of macro, spindle, or spectral
features) developed to distinguish insomnia from non-insomnia
individuals provided output between 0 (definitely non-insomnia)
and 1 (definitely insomnia) (IES). Two important points should be
noted again: (1) insomnia and non-insomnia populations were
defined such that they were inherently different based on sleep
efficiency, which therefore results in high AUROC values, and (2)
all IES models included age and sex in addition to any PSG-derived
EEG features. For comparison, IES models using only age and sex
in this population are shown in Figure 3 and Supplemental Fig-
ure S2.The IES model that used spectral features derived from all
six PSG EEG channels from Beacon and Idorsia (excluding SHHS
data since that dataset only has central channels), demonstrated
the best ability to distinguish insomnia individuals from non-
insomnia individuals (Figure 3, “Best 6-channel IES,” AUROC: 0.98,
AUPR, 0.95, Accuracy: 90 per cent). These AUROC and AUPR are not
inherently informative given population differences discussed,
but are useful when comparing to other models. Note that this
model has the best discriminative value for insomnia and non-
insomnia of the models we tested, and has excellent precision.
The IES model incorporating spectral features from only cen-
tral channels (therefore including SHHS data) performed nearly
as well (Figure 3, “Best 2-channel IES,” AUROC: 0.96, AUPR 0.94,
Accuracy: 85 per cent). More complex models (incorporating a
combination of spectral, macroquantity, and spindle features)
performed slightly worse (AUROC: 0.95, AUPR 0.93, and Accuracy
84 per cent).

We then evaluated the best IES model performance when
trained using only the first PSG for each participant (exclud-
ing repeat measures)—to determine the impact of repeat
measures on model performance. There was only a minimal
impact on performance, with a 0.01 reduction in AUROC and
AUPR (reduced to 0.96 and 0.94, respectively—as shown in
Supplementary Figure S3). Eliminating duplicates also did not
change the list of features contributing most to model perfor-
mance (Supplementary Table S7). Finally, we examined model
performance when trained on limited subsets of data and applied
to broader datasets, over all six PSG channels or using central
channels only (in which case SHHS could be utilized). IES models
trained only on Beacon and Idorsia datasets did not generalize
well to SHHS data, and models trained on SHHS recordings did
not generalize well to Beacon and Idorsia data, as evidenced by
AUROC scores (see Supplementary Table S1). IES models using
only age and sex performed most poorly. Using Delong’s test, we
evaluated statistical significance between the models shown in
Figure 3. We found that all models were significantly different
from each other (even with Bonferroni correction), except the
spindle model versus age model (which had a corrected p-value
of 1.0). This is shown in Supplementary Table S6.

Model specifications and coefficients. In order to characterize
the importance of features for the best IES classifier model (6-
channel spectral feature-based model), we retrained the model
using A (L1-penalties) ranging from 4000 (most restrictive, result-
ing in only one parameter being used) to 25 (least restrictive,
resulting in 709 parameters being used). The AUROC for the
resulting models was then characterized and is shown in Figure 4.
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Notably, spectral power related features were the six most impor-
tant features (See Supplementary Table S7). These alone were able
to generate a model with an AUROC of 0.78, which is already
superior to the best univariate model. As A was relaxed, additional
features were accumulated in larger models with diminishingly
improving AUROC (as expected). Age was the seventh most impor-
tant feature, resulting in a model with an AUROC of 0.81. The best
IES model reported here (again, the 6-channel spectral feature-
based model) used a A of 50, resulting in a model incorporating 301
model parameters. These results suggest that spectral features
were more important than either age or sex (sex was not in
the top 7).

IES scores across insomnia subtypes. The heat map in Figure 2
includes a column for every feature that can be computed with
central channels. This includes the outputs of the 18 IES models
that can be computed using central channels: IES-Spectral, IES-
Macro, and IES-Spindle, trained on each of the six subsets of
datasets other than the Idorsia dataset on its own, since the Idor-
sia dataset has no non-insomnia individuals. (Supplementary Fig-
ure S1 is a heat map showing all features computable using
all six channels, but excluding SHHS since it is central channel
only). This includes 6 IES model outputs in addition to the 18
IES model outputs shown in Figure 2: 6-channel IES-Spectral, IES-
Macro, and IES-Spindle models trained on the Beacon dataset
or on the Idorsia and Beacon datasets jointly. Note that all the
IES models show improved ability to discriminate insomnia from
non-insomnia individuals, with a gradation in scores depending
on insomnia subtype. Mean IES scores were increased in indi-
viduals with insomnia and were (in increasing order of group
mean): non-insomnia, 0.01; subjective-only insomnia, 0.21; sleep
maintenance insomnia, 0.88; sleep onset insomnia, 0.95; sleep
onset+maintenance insomnia, 0.996. This is shown in Figure 5
for the best performing 6-channel IES-Spectral model across Bea-
con and Idorsia datasets.

Finally, we examined the best performing IES model (6-channel
spectral IES model) for patterns in misclassifications. We exam-
ined the five most misclassified insomnia subjects (IES score
closest to 0) and compared their inputs to the five insomnia
subjects with the highest IES scores. Similarly, we examined the
five most misclassified non-insomnia subjects (IES score closest
to 1) as compared to the five best classified non-insomnia subjects
(IES score closest to 0). Notably, only two parameters showed a
significant difference (uncorrected p <.01) in both misclassified
non-insomnia subjects and misclassified insomnia subjects. Non-
insomnia subjects who were misclassified as insomnia had 36
per cent lower log(mean relative alpha power) in occipital regions
averaged across all states and 212 per cent more log(mean delta/-
theta power) in occipital regions in the wake state. In contrast,
insomnia subjects who were misclassified as non-insomnia had
91 per cent lower log(mean relative alpha power) in occipital
regions averaged across all states and 152 per cent less log(mean
delta/theta power) in occipital regions in the wake state. Care
must be taken in directly interpreting these parameters, which
reflect only a small contribution to the overall model (and are
difficult to interpret in isolation). Furthermore, Bonferroni cor-
rection for the 301 parameters used in the model eliminates
the statistical significance of these differences. Nevertheless, it
is notable that relative occipital alpha power in all states is the
second most critical parameter for the 6-channel spectral model.
Therefore, it is plausible that factors impacting relative occipital
alpha without affecting sleep might increase the risk of model
misclassification. Such risks might include certain medications
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Model Performance vs. Feature Sparsity
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Figure 4. Performance of the 6-channel spectral feature IES model (the best performing IES model) was characterized at varying L1-penalty values,
ranging from 4000 (which resulted in only 1 parameter being used) to 20 (resulting in 709 parameters). The first six parameters are related to spectral

power content, and the seventh most important feature is age.
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Figure 5. Distribution of spectral IES (trained over all six channels with
beacon and Idorsia recordings) across all subgroups. Dots are all the
individual recordings, offset randomly in the horizontal direction for
visibility. Black horizontal tick marks are group medians.

(such as antiseizure medications, dopamine, and some antipsy-
chotic medications), age extremes, encephalopathy of any cause,
and underlying neurodegenerative disease.

Discussion

Classically, insomnia reflects subjective dissatisfaction with sleep
initiation, maintenance, or inability to resume interrupted sleep
and is associated with impairments in daytime function which
leads to clinically significant distress [2]. Traditional interpreta-
tions of PSG-derived hypnograms from individuals with insomnia
do not reveal major differences when compared to individuals
without insomnia. Despite this, individual sleep characteristics
reveal that the condition often presents itself with sleep features
commonly linked to hyperarousal. This highlights the heterogene-
ity of insomnia and alludes to insomnia subtypes with differing
EEG biomarkers [4, 14, 20]. However, it has previously been sug-
gested that large datasets coupled to ML analytics have great

potential in providing classifier models of insomnia capable of
diagnosis [21].

Our findings show that PSG-derived EEG features, when exam-
ined at scale across large multi-site data, indeed identify reliable
physiological differences between brain activity during sleep in
individuals with insomnia relative to individuals without insom-
nia. It is not the presence of a simple, interpretable set of fea-
tures that lead to good discrimination in our results. Rather
it is the robust combination of many features that allows for
good discrimination. For instance, a single feature combined with
covariates such as age and sex are not sufficient, as demonstrated
by our evaluation of model performance as a function of feature
sparsity. With just a handful of features (e.g. 4 or 22), the model
performs much worse than otherwise possible. Only when we
allowed for less sparse models did we see the highest levels of
insomnia versus non-insomnia discrimination.

Our prior research [23] supported the hypothesis that, at a
population level, people with insomnia present with sleep spectral
features (decreased relative delta and increased relative alpha
spectral power in wake and N1) indicative of a hyperaroused brain
state relative to people without insomnia. While these findings
were apparent across a large population, they were not capable
of distinguishing individuals with or without insomnia. Impor-
tantly, the current results demonstrated the ability of multivari-
ate models (IES models) incorporating hundreds of quantitative
PSG-based EEG-derived features to categorize insomnia at an
individual level. These EEG spectral features were superior to
age and sex in classifying insomnia versus non-insomnia, based
on examination of model parameters included at different L1-
penalties. Although no single spectral, spindle, or sleep macro-
feature provided adequate classification performance, IES models
that aggregated features within each category not only reliably
classified individuals but were also able to distinguish the four
insomnia subtypes examined here. The fact that the model with
the most robust performance was trained on spectral features
is notable given prior reports [22-24], suggesting that insomnia
may be due to dysregulated wake-promoting neural circuitry,
resulting in excess arousal and faster EEG patterns. As such,
this may indicate that multivariate classification models may
perform best when trained on features that may underlie some
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of the key neurophysiological fingerprints present in people with
insomnia.

While this study utilized the largest population of insomnia
PSG data to date, several limitations remain. First, the population
definitions were based on self-reported sleep problems consistent
with an insomnia diagnosis and nocturnal PSG findings, but not
necessarily meeting the full DSM-5 based insomnia diagnosis
(which was not available for all data sources) and not including
daytime sleep data. To account for the missing insomnia infor-
mation, populations were in part defined by sleep efficiency. This
results in two primary limitations. First, there is a risk that models
using macrofeatures (linked to sleep efficiency) would outperform
all others, given that sleep efficiency was used as part of the popu-
lation definition. However, we note that microfeature models were
not the best performing model (which were models based on spec-
tral features). This result demonstrates potential value in spectral
EEG content to assess insomnia, although this will need to be
validated in additional clinically defined insomnia population.
Reassuringly, the spectral models performed well in the Idorsia
dataset, which did include pts with insomnia as defined by DSM-
5 criteria. Second, the population differences resulted in models
with high AUROC values (because the definitions result in popu-
lations that are more distinct than would be seen in a prospective
data cohort). The strength of the models should therefore not be
assessed based on the absolute AUROC or AUPR values, but rather
on the values relative to the different models we present. This
limitation cannot be overcome within the scope of the datasets
available. Our results demonstrate substantially superior classi-
fication with PSG-derived EEG spectral features over sleep stage
derived metrics (macroquantities) or sleep spindle-based features,
even though the data are skewed to favor sleep stage derived
metrics. We expect that additional training data will be needed
for a clinically validated model, though these results highlight the
potential use of models built on objective PSG-derived measures
in sleep disorders.

The aggregation of diverse data sources also introduced addi-
tional study limitations. Inconsistent or lacking metadata regard-
ing BMI, habitual bed time, shift work status, caffeine, alcohol,
or tobacco use resulted in our models missing potentially infor-
mative features. This data would be valuable to include in future
models and could account for significant performance variance.
Furthermore, recording characteristics were different amongst
the three core datasets, including minimum total recording. This
might partially explain why model performance was not equiva-
lent when tested on held-out data from each study site (Idorsia,
Beacon, or SHHS). Performance between Beacon and Idorsia data
were most comparable, with worse performance on SHHS data.
However, missing metadata is likely less relevant to the worse
performance for SHHS data than the fact that Beacon and Idorsia
data were collected in sleep laboratory settings with at least six
EEG electrodes during the first overnight period in the clinic,
while SHHS data were collected in the individuals’ homes with
2 electrodes. Therefore, in addition to the different electrode con-
figurations between the datasets, recordings from the Beacon and
Idorsia datasets may have been more susceptible to “first night
effects” due to recording in an unfamiliar environment, leading
to deviations from individuals’ normal sleep patterns [37, 38]. A
small subset of participants had multiple PSGs included in this
study, which could alter first night effects for those participants.
It must be noted that the majority of dependent, repeat PSGs fell
into the control cohort, and thus could have artificially improved
model performance. However, the percentage of repeat PSGs was
small and retraining the best performant model without repeat

Pathmanathanetal. | 9

data did not meaningfully alter the results. Future work should
account for the impacts of recording natural sleep in the home
environment and the impact of repeated recordings (including
timing of repeat PSGs, cause of repetitions, and effects of differ-
ences in lifestyle or treatment parameters between repeat stud-
ies). Finally, individual insomnia cohorts—particularly subjective
insomnia—were not well represented in our dataset. Although
the IES-Spectral model appears to distinguish this cohort from
non-insomnia individuals, the sample is too small to draw firm
conclusions for this group.

Despite these potential limitations, IES models demonstrated
similar patterns regardless of data source. These findings suggest
that insomnia involves quantifiable differences in the EEG
content during sleep, albeit manifesting across multiple EEG
features and too subtle to be assessed by visual inspection.
These multivariate changes appear to span multiple domains, as
indicated by the relative success of three separate classification
models. That the best performing model was based on spectral
components (which we have previously shown as having more
wake-like spectral patterns in individuals with insomnia [23]) are
supportive of the hyperarousal model of insomnia. Individuals
with only subjective insomnia (i.e. no issues with objective sleep
onset or maintenance) scored closer to non-insomnia individuals,
whereas individuals with combined sleep onset and maintenance
insomnia segregated the most. The ability of these models to
identify and classify individuals with insomnia demonstrates
that IES may be a valuable quantitative neurophysiological
assessment of insomnia. Future work will be required to validate
EEG-based classifier models such as IES. Validation efforts will
need to include more diverse data sets with additional clinical
metadata, use of substances that impact sleep, mood, and
lifestyle impacts on sleep, clinically defined insomnia diagnosis,
and cohort selection to account for age and sex variability.
Nevertheless, within the context of the IES models defined
here (and within the limits of the insomnia definition used
for this study), this work provides evidence of the feasibility
of objective classification of insomnia. In theory, IES may offer
an objective measure of insomnia presence that could be
tracked longitudinally to characterize disease progression and
aid in guiding the initiation of treatment strategies. In addition,
alongside standard clinical measures of sleep, decreases in IES
scores (i.e. becoming less insomnia-like) following initiation of
treatment could be valuable in determining whether a treatment
is efficacious in “normalizing” neurophysiological fingerprints of
insomnia.

Supplementary material

Supplementary material is available at SLEEP online.
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