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A B S T R A C T

Objective: Manifestations of narcolepsy with cataplexy (NC) include disturbed nocturnal sleep – here-
under sleep–wake instability, decreased latency to rapid eye movement (REM) sleep, and dissociated REM
sleep events. In this study, we characterized the electroencephalography (EEG) of various sleep stages
in NC versus controls.
Methods: EEG power spectral density (PSD) was computed in 136 NC patients and 510 sex- and age-
matched controls. Features reflecting differences in PSD curves were computed. A Lasso-regularized
regression model was used to find an optimal feature subset, which was validated on 19 NC patients and
708 non-NC patients from a sleep clinic. Reproducible features were analyzed using receiver operating
characteristic (ROC) curves.
Results: Thirteen features were selected based on the training dataset. Three were applicable in the val-
idation dataset, indicating that NC patients show (1) increased alpha power in REM sleep, (2) decreased
sigma power in wakefulness, and (3) decreased delta power in stage N1 versus wakefulness. Sensitivity
of these features ranged from 4% to 10% with specificity around 98%, and it did not vary substantially
with and without treatment.
Conclusions: EEG spectral analysis of REM sleep, wake, and differences between N1 and wakefulness
contain diagnostic features of NC. These traits may represent sleepiness and dissociated REM sleep in
patients with NC. However, the features are not sufficient for differentiating NC from controls, and further
analysis is needed to completely evaluate the diagnostic potential of these features.

© 2015 Elsevier B.V. All rights reserved.

1. Introduction

Narcolepsy with cataplexy (NC) is a neurological sleep disor-
der found in approximately one in 3000 individuals. It is
characterized by sleep–wake instability, rapid eye movement (REM)
sleep abnormalities, and cataplexy. The pathophysiology of the dis-
order is a selective destruction of hypocretin/orexin neurons in the
hypothalamus [1–3], resulting in low or undetectable levels of
hypocretin-1 in the cerebrospinal fluid (CSF) [4,5]. The loss of
hypocretin neurons is thought to be of autoimmune origin [6], al-
though this is not yet fully established.

Hypocretin neurons play a central role in the regulation of sleep–
wake transitions [7–9] and in the stabilization of the REM and non-
REM (NREM) sleep states. REM sleep is a physiological state that
includes loss of consciousness, fast electroencephalographic (EEG)
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activation with dreaming, muscle atonia, phasic events such as REMs
and muscle twitches, elevated arousal threshold, and other fea-
tures (erection, temperature dysregulation, cardiovascular changes).
Narcoleptic patients have been shown to have many clinical symp-
toms linked to abnormal REM sleep, including sleep paralysis,
hypnagogic hallucinations, and REM sleep behavior disorder [10].
In addition, abnormal distribution of REM sleep [11], increased
density of REMs, and abnormal EEG frequency during REM sleep
are found during nocturnal sleep polysomnography (PSG) [11].
Finally, nocturnal sleep fragmentation and increased NREM sleep
stage 1 (N1) amounts [12–14] are typical PSG findings. None of these
PSG findings are used in the diagnosis of narcolepsy.

Studies in both animals and humans have shown that rapid tran-
sitions from wake to REM sleep is a diagnostic hallmark of narcolepsy
[7,15]. On the basis of this finding, rapid onsets into REM sleep
(latency from sleep onset to REM sleep [SOREMP] of ≤15 min) during
nocturnal PSG and during daytime napping (measured by the Mul-
tiple Sleep Latency Test [MSLT]) are used to diagnose narcolepsy
[15,16]. Whereas a SOREMP at night is highly specific (99%), it is
only modestly sensitive (~45%); thus, many patients are missed out
[15]. It has the advantage, however, of being theoretically feasibly
assessed using home recordings, and its evaluation is required before
the MSLT to exclude sleep deprivation. By contrast, a positive MSLT
(mean sleep latency [MSL] of ≤8 min as well as the presence of ≥2
SOREMPs) is both sensitive (90–95%) and specific (95%), but time
consuming and expensive.

Considering that the distribution of REM sleep itself is also ab-
normal in NC, we postulated that the frequency distribution of the
sleep EEG power spectra may be consistently changed in NC pa-
tients, and that this could be used as a diagnostic feature during
nocturnal PSGs. Such abnormality has been shown in hypocretin
knockout mice compared with wild-type mice [17] as well as in nar-
coleptic patients, notably during sleep paralysis and cataplexy [11].
In this study, we aimed at quantifying the diagnostic value of power
spectra density (PSD) features extracted from the EEG in all sleep
stages. In particular, we were seeking to identify features with high
specificity (>95%) that could be added to a nocturnal SOREMP to
raise sensitivity without lowering specificity. Our ultimate goal was
to be able to identify NC patients using features extracted from a
nocturnal PSG alone, avoiding the need for a subsequent time-
consuming MSLT.

2. Materials and methods

2.1. Subjects and recordings

Two PSG datasets similar to those described in Andlauer et al.
[15] were used. The first was considered a training dataset, the
second a validation dataset. In these samples, NC was clinically
defined as narcolepsy with clear cataplexy and human leukocyte
antigen (HLA)-DQB1*06:02, forward in this study referred to as NC
patients.

In the training dataset, PSGs from 136 NC patients were gath-
ered from the Stanford Sleep Clinic as well as from two sodium
oxybate drug trials (baseline sleep studies) conducted by Jazz Phar-
maceuticals [18,19]. In these trials, patients were not treated with
sodium oxybate, but antidepressants and centrally acting stimu-
lants were allowed if used at a stable dose. A total of 39% and 79%
of the patients in these trials were treated with antidepressants and
stimulants, respectively. Patients were age- and sex-matched with
controls obtained from volunteers drawn from the Wisconsin Sleep
Cohort, an ongoing longitudinal population-based study of sleep pat-
terns in the general population [20]. A stratified random sample of
employed adults aged 30–60 years in south Wisconsin was re-
cruited for a nocturnal PSG at baseline. These subjects are randomly
selected, and they have not been screened for sleep disorders, and

as such a significant portion has sleep-disordered breathing [15],
periodic leg movements during sleep [21], parasomnias, depres-
sion, etc. Only four subjects were excluded as they have been
suggested to possibly have narcolepsy in a prior study [22]. A case/
control ratio of four was used giving a total of 510 control subjects
in the training dataset. Antidepressants such as serotonin-specific
reuptake inhibitors were taken by approximately 22%, and stimu-
lants, mostly methylphenidate, were taken by <2% of the control
subjects. This was considered acceptable as doses were stable, and
as we explored separately medication effects on our results. As with
patients, non-narcolepsy controls were allowed to take usual medi-
cations such as over-the-counter antihistamine and pain relievers.

As we aimed to find features that can help identify narcoleptic
patients in a clinical setting, the validation dataset included sub-
jects referred to and evaluated at a sleep clinic, the Stanford Sleep
Clinic. As such, these subjects are more enriched in sleep patholo-
gies than the other sample, notably sleep-disordered breathing. This
dataset included a total of 727 patients, whereof 19 were diag-
nosed as NC patients (untreated when tested) and 708 were non-
narcoleptic patients diagnosed with sleep disorders other than
narcolepsy, most notably sleep apnea. The sample has been de-
scribed elsewhere [15,21], and all evaluation included a
comprehensive medical and medication history, nocturnal PSG, and,
for narcolepsy cases, a PSG-MSLT. As the validation is a clinical
sample, it is unbalanced in the number of cases versus controls, and
it is not matched in age or gender. The demographics for the train-
ing and validation dataset can be seen in Table 1.

Data used in this study were heterogeneous and collected over
a long historical period using Rechtschaffen & Kales (R&K) [25] or
American Academy of Sleep Medicine (AASM) [24] criteria. For con-
sistency, stage S4 was replaced as N3 for recordings scored using
the older R&K criteria. We realize that the use of two sets of rules
could have affected our results. The rules do, however, mostly differ
in the transitions to and from N1, and as we have excluded epochs
before and after any sleep stage transition, these methodological
differences are unlikely to have affected the results. Optimally, spectra
could be extracted from automatically scored hypnograms to limit
differences in scoring – both across the two standards and also across
sites and scorers. This would, however, introduce new challenges
as no automatic scoring method has proven to be valid in narco-
leptic patients.

2.2. Cleaning of EEG

Fig. 1 illustrates the overall methodology of this study. To ensure
minimum contamination by artifacts of the PSD spectra for each
sleep stage, a set of successive cleaning procedures was followed
starting with the removal of signal surrounding sleep transitions
as well as signal contaminated with electromyography (EMG)
artifacts.

Sleep stage transitions were identified using the manually scored
hypnogram as epochs going from any stage (N1, N2, N3, REM, or
W) to another. EEG in epochs neighboring stage transitions was ex-
cluded from the analysis to minimize “mixed” stage 30-s epochs.

The entire EEG recorded at the C3–A2 derivation was passed
through a muscle artifact detector described in detail by Brunner
et al [26]. This detector is a widely used method, and it compares
high-frequency activity in each 4-s window with the activity level
in a local 3-min window surrounding the 4-s window. If the value
in the 4-s window exceeded the local background activity by a factor
of four, it was flagged as artifact and removed.

The PSGs of NC patients in the training dataset were recorded
with different sampling frequencies with some older recordings being
sampled with a sampling frequency of 100 Hz, a frequency below
newest standards. Power spectra were thus analyzed up to 35 Hz
for all, which is reliable according to Nyquist Theorem [27]. Due to
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Table 1
Demographic data for the two datasets.

Training dataset Validation dataset All data

Con NC P Non-NC NC P Non-NC NC P

No of subjects 510 136 708 19 1218 155
Fraction of men 0.52 0.44 0.10 0.59 0.53 0.60 0.56 0.45 9.6 × 10-3

Age
(years, μ ± σ)

54.52 ± 8.03 53.36 ± 11.15 0.26 45.85 ± 13.86 28.12 ± 22.05 2.6 × 10-3 49.48 ± 12.53 50.27 ± 15.32 0.54

BMI
(kg/m2, μ ± σ)

31.83 ± 7.49 29.29 ± 5.53 3.10 × 10−5 27.15 ± 6.74 27.28 ± 5.33 0.95 29.14 ± 7.44 29.18 ± 5.52 0.93

Sleep efficiency (%, μ ± σ) 84.56 ± 10.45 75.86 ± 14.02 1.96 × 10−5 82.58 ± 11.52 85.91 ± 11.16 0.21 83.41 ± 11.13 77.01 ± 14.06 2.26 × 10−7

Fraction on antidepressants 0.22 0.39 5.30 × 10−5 0.23 0.16 0.47 0.23 0.32 0.01
Fraction on stimulants 0.02 0.79 1.17 × 10−94 0.08 0.37 1.20 × 10−5 0.05 0.74 4.26 × 10−130

REML
(min, μ ± σ)

123.67 ± 74.34 118.56 ± 115.41 0.63 143.18 ± 84.86 85.50 ± 119.71 0.05 135.05 ± 81.18 114.45 ± 116.06 0.03

TST
(hours, μ ± σ)

7.39 ± 0.82 8.02 ± 1.16 1.27 × 10–8 7.40 ± 0.98 8.96 ± 0.91 5.10 × 10−7 7.39 ± 0.91 8.14 ± 1.17 1.42 × 10−12

W
(%, μ ± σ)

15.44 ± 10.45 24.14 ± 14.02 1.96 × 10−10 17.42 ± 11.52 14.09 ± 11.16 0.21 16.59 ± 11.13 22.91 ± 14.06 2.26 × 10−7

REM
(%, μ ± σ)

14.30 ± 5.81 12.31 ± 7.49 4.4 × 10−3 13.71 ± 6.18 17.92 ± 6.99 0.02 13.96 ± 6.03 13.00 ± 7.63 0.13

N1
(%, μ ± σ)

8.20 ± 4.67 16.54 ± 8.45 2.01 × 10−21 9.22 ± 7.10 7.09 ± 7.56 0.24 8.89 ± 6.22 15.38 ± 8.89 5.20 × 10−16

N2
(%, μ ± σ)

58.22 ± 9.76 42.41 ± 12.35 3.40 × 10−23 52.20 ± 12.09 44.63 ± 11.07 8.5 × 10−3 54.72 ± 11.56 42.68 ± 12.19 4.9 × 10−24

N3
(%, μ ± σ)

3.84 ± 5.26 4.60 ± 5.73 0.16 7.45 ± 7.74 16.28 ± 13.20 9.4 × 10−3 5.94 ± 7.04 6.03 ± 7.99 0.89

Con: Controls; NC: narcolepsy-Cataplexy:; P: P-value. μ = mean, σ = standard deviation.
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aliasing, power-line noise at 60 Hz appeared at 40 Hz and 20 Hz, with
the latter of the two interfering with EEG power analyzed in this
study (up to 35 Hz). To minimize differences between recordings
of controls and NC patients in the training dataset, and to remove
artifactual power-line noise, a notch filter at 20 Hz was applied to
all signals after downsampling to 100 Hz by the use of MATLAB’s
(R2012b 8.0.0.783, The MathWorks Inc., Natick, MA, USA, 2012)
resample function. This resamples the data at (fs_new/fs_original) times
the original sampling rate, using a polyphase filter implementa-
tion. The resampled signals were filtrated forward and reversed with
a notch filter with a bandwidth of 1.14 Hz at −3 dB. Visual inspec-
tion of the signals and spectra showed that the notch filter had
negligible effect on frequencies in a 2-Hz window around 20 Hz.

2.3. Feature extraction

Spectral analysis of the sleep EEG was performed using the
nonoverlapping Welch method with a Hanning window as the
windowing function [28,29]. Specifically, MATLAB’s periodogram func-
tion was used to calculate the EEG PSD in 4-s non-overlapping
Hanning-weighted windows. If any sample in a given 4-s window
had a spectrum above 1000 μV2/Hz (electrode pop) or all had a spec-
trum below 0.1 μV2/Hz (flatline), the 4-s window was excluded from
further analysis.

All features analyzed in this study were computed based on the
spectra of 4-s windows. The spectra were sorted according to the
sleep stage, and the sleep stage-specific spectra were normalized
in two different ways:

1. Sum = 1: Each of the sleep stage-specific spectra was divided by
their own sum in the frequency range of 0.5–35 Hz such that the
sum of the normalized PSD was 1. This normalization was done
to minimize the potential hardware-induced differences between
sites.

2. Subtract Stage: For the W-, N1- and REM-specific spectra, the
mean spectrum was subtracted by the mean spectrum of any
of the two other stages. The subtraction was performed on a
sample basis, and as the order of the subtraction is inconse-
quential (ie, N1–W will be the negative of W–N1), only one
subtraction between two stages was done. This normalization
approach was chosen to minimize frequency-specific artifacts
and because the differences between these sleep stages were
thought to be the most interesting when analyzing NC.

The mean spectrum of each stage and normalization was cal-
culated, resulting in eight mean spectra (five stages from Sum = 1
plus three Subtract Stage normalizations).

To reduce the number of features to be included in the feature
selection approach, we first compared mean spectra in NC versus
controls in the various sleep stages using one-sided t-tests testing
for significance for every frequency sample in the frequency range
of 0.5–35 Hz. Areas in which all the samples within a range of at
least 1 Hz showed either a significantly higher or lower NC mean
curve compared with controls were selected as feature areas, leading
to 23 contiguous frequency areas. For each of these feature areas,
a feature value was computed as the sum of the sample values of
the specific mean PSD spectra. Due to power-line interference and
notch filtration at 20 Hz, frequencies between 19 Hz and 21 Hz were
not included in the computation of these features, albeit knowing
that we missed opportunities for potential group differences in this
frequency range. Additional features computed included the sum
of the sample PSD values in the standard clinical frequency bands:
delta (0.5–4 Hz), theta (4–8 Hz), alpha (8–11 Hz), sigma (11–
16 Hz), and beta (16–25 Hz) for each of the eight mean spectra,
leading to the selection of an additional 5 × 8 = 40 features and a
grand total of 63 features. The frequencies surrounding 20 Hz were

included in the computation of features based on the classical beta
band, albeit knowing that these frequencies are affected by the notch
filtration.

2.4. Feature selection and classification

As a combined feature selection and classification approach, we
used logistic regression with Lasso regularization (LASSO), as this
method leaves out irrelevant or redundant features yielding simple
models [23,30]. Further, the model coefficients are easy to inter-
pret, and the features included in the final model are easy to rank.
In regular logistic regression, a logistic sigmoid function is used to
model the posterior probability of the positive class for an input vari-
able y [30]:
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where I is the number of subjects, D is the dimension of the input
variable, and zi states the classification output as 1 for positive cases
(NC) and 0 for negative cases (non-NC). Increasing the regulariza-
tion term will decrease the number of nonzero components of β,
and the model becomes sparser, as only the features with nonzero
components are included. In addition, the component values indi-
cate each feature’s impact on the final posterior probability output,
and they can be used to rank the features.

The training dataset was used to optimize the LASSO model ap-
plying 10-fold cross-validation, where the feature values were
standardized before given as input. Ten LASSO models were built
using this procedure, and the final model was selected as the one
giving the highest area under the receiver operating characteristic
(ROC) curve (AUC) value. The final LASSO model was used to clas-
sify the NC patients in both the training and validation dataset. For
the features included in the final model, we also compared the
median value of each feature individually in both the training and
validation datasets. Finally, for features that replicated in the val-
idation dataset, ROC curves were drawn on both datasets, and cutoff
thresholds were selected to desired specificity and sensitivity.
Because our goal is to add these features to short REM latency as a
diagnostic tool, we selected cutoffs that had high specificity (>95%)
even in the presence of low sensitivity.

3. Results

3.1. Automatic selected feature subset

The resulting feature subset contained 13 features, summa-
rized in Table 2. Based on the training dataset, the NC patients were
found to have the following:

(1) increased N1 PSD in the 21–35-Hz range as the percent of
total PSD in N1
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(2) increased N3 PSD in the 21–35-Hz range as the percent of
total PSD in N3

(3) increased REM PSD in the alpha power range (8–11 Hz) as
the percent of total PSD in REM

(4) increased W PSD in the 21–35-Hz range as the percent of total
PSD in W

(5) increased REM PSD in the 21–35-Hz range as the percent of
total PSD in REM

(6) decreased W PSD in the sigma power range (11–16 Hz) as the
percent of total PSD in W

(7) decreased REM PSD in the 1.5–7-Hz range as the percent of
total PSD in REM

(8) increased N2 PSD in the 21–35-Hz range as the percent of
total PSD in N2

(9) decreased differential PSD of N1 subtracted by W in the delta
power range (0.5–4 Hz)

(10) decreased N2 PSD in delta power range (0.5–4 Hz) as the
percent of total PSD in N2

(11) decreased N2 PSD in the 2–7-Hz range as the percent of total
PSD in N2

(12) increased differential PSD of REM subtracted by N1 in the delta
power range (0.5–4 Hz)

(13) increased W PSD in the 17–19-Hz range as the percent of total
PSD in W

The final LASSO model including the 13 features yielded an ac-
curacy of 89.2%, an AUC of 94.0%, a sensitivity of 53.7%, and a
specificity of 98.6% on the training dataset, and an accuracy of 70.3%,
an AUC of 48.0%, a sensitivity of 26.3%, and a specificity of 71.5%
on the validation dataset. The performance results are seen in Table 3.
All performance measures of the validation data dropped consid-
erably compared with the training data when using the final LASSO
model as classification approach.

3.2. Individual analysis of 13 selected features and reduction to three
final features

To further analyze why the performance of the final model varied
so much between the two datasets, the values of the 13 features
were plotted for NC versus non-NC subjects for both datasets. Dif-
ferent combinations of the 13 features were also investigated to
enhance their performance. For instance, the combination feature
6/feature 4 (W PSD in the 11–16-Hz frequency range relative to the
21–35-Hz frequency range) was investigated by box plot as these
two features are computed from the same spectrum and stage. Based
on the visual inspection of box plots and ROC curves for the 13 fea-
tures, it was found that only the trends for feature 3 (REM PSD in
the alpha frequency range (8–11 Hz), as the percent of total PSD in
REM), feature 6 (W PSD in the sigma frequency range (11–16 Hz),
as the percent of total PSD in W), and feature 9 (differential PSD in
N1 subtracted to W in the delta frequency range (0.5–4 Hz)) had a
consistent difference in both datasets. All other features and feature
combinations did not improve performance in the same way for the
two datasets as they either had opposite effects for the two datasets
(feature number 1, 4, 5, 7, 10, 11, and 13), a large drop in AUC
measure from training data to validation data (feature number 8),
or a validation ROC curve showing loss of specificity. Table 2 reports
on the AUC measure and the feature effects for the two datasets.

Box plots and ROC curves obtained for the three features that
were predictive in both datasets are shown in Fig. 2. As men-
tioned in the “Introduction” section, we elected to select cutoffs that
gave a high specificity (a minimum of 97%) at the expense of sen-
sitivity. The cutoffs were thus chosen to be at the value for which
a minimum of 97% specificity was obtained on the training dataset.
The points for the selected cutoffs are marked on the ROC curves
together with the optimal point when sensitivity and specificity were
ranked equally. As can be seen in Fig. 2, REM power in the alpha

Table 2
Final feature subset found based on the Lasso-regularized logistic regression model run 10 times with 10-fold cross-validation on the training dataset.

Priority Sleep Stage Normalization Frequency range (Hz) Training data Validation data

NC patients compared with controls AUC NC patients compared with controls AUC

1 N1 Sum = 1 21.0–35.0 Increased 0.84 Decreased 0.27
2 N3 Sum = 1 21.0–35.0 Increased 0.66 Increased 0.63
3 REM Sum = 1 8.0–11.0 Increased 0.58 Increased 0.56
4 W Sum = 1 21.0–35.0 Increased 0.77 Decreased 0.37
5 REM Sum = 1 21.0–35.0 Increased 0.83 Decreased 0.33
6 W Sum = 1 11.0–16.0 Decreased 0.55 Decreased 0.82
7 REM Sum = 1 1.5–7.0 Decreased 0.78 Increased 0.40
8 N2 Sum = 1 21.0–35.0 Increased 0.84 Increased 0.54
9 N1 Subtract W 0.5–4.0 Decreased 0.69 Decreased 0.74
10 N2 Sum = 1 0.5–4.0 Decreased 0.51 Increased 0.47
11 N2 Sum = 1 2.0–7.0 Decreased 0.67 Increased 0.38
12 REM Subtract N1 0.5–4.0 Increased 0.53 Increased 0.68
13 W Sum = 1 17.0–19.0 Increased 0.59 Decreased 0.24

Table 3
Performance measures when detecting NC patients based on (1) The final LASSO model using the found optimal subset of 13 features, (2) when using cutoff values for each
of the three features found to be reproducible for both datasets.

Classification approach Accuracy Sensitivity Specificity AUC

Final Lasso-regularized regression model Training: 89.2%
Validation: 70.3%

Training: 53.7%
Validation: 26.3%

Training: 98.6%
Validation: 71.5%

Training: 0.94
Validation: 0.48

REM sum 8–11 Hz ≥0.161 Training: 78.8%
Validation: 94.9%

Training: 9.6%
Validation: 5.3%

Training: 97.1%
Validation: 97.2%

Training: 0.58
Validation: 0.56

W sum 11–16 Hz <0.042 Training: 79.0%
Validation: 97.4%

Training: 2.9%
Validation: 10.5%

Training: 97.3%
Validation: 98.4%

Training: 0.55
Validation: 0.82

N1-W 0.5–4 Hz <−116.832 Training: 79.0%
Validation: 97.4%

Training: 9.6%
Validation: 15.8%

Training: 97.1%
Validation: 96.5%

Training: 0.69
Validation: 0.74

AUC = Area Under the Curve in the ROC analysis.
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Fig. 2. Box plots and receiver operating characteristic (ROC) curves of the three robust features for the narcoleptic (NC) patients and control subjects in both datasets. The
central marks in the box plots are the median of the feature values, the edges of the boxes present the 25th and 75th percentiles, the whiskers extend to the most extreme
feature values not considered outliers, and outliers are plotted individually. On the ROC curves, the blue lines represent the training dataset, the green lines represent the
validation dataset, the red circles represent the optimal point on the curves when ranking sensitivity and specificity equally, and the black circles represent the cutoff values
chosen to obtain specificity measures of at least 97% on the training dataset.
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range (8–11 Hz) as the percent of total power in REM above 0.16
gave a sensitivity of 9.6% and a specificity of 97.1% in the training
dataset, and a sensitivity of 5.3% and a specificity of 97.2% in the
validation dataset. Wake power in the sigma range (11–16 Hz) as
the percent of total power in wake below 0.04 gave a sensitivity of
2.9% and a specificity of 97.3% in the training dataset, and a sensi-
tivity of 10.5% and a specificity of 98.4% in the validation dataset.
N1−W power in the delta range (0.5–4 Hz) below −116.83 gave a
sensitivity of 9.6% and a specificity of 97.1% in the training dataset,
and a sensitivity of 15.8% and a specificity of 96.5% in the valida-
tion dataset. The performance measures for the feature threshold
approaches are seen in Table 3.

The mean PSD ± the standard error of the mean (SEM) curves for
the NC patients and control subjects/non-narcoleptics for the three
features that were predictive in both datasets are provided in Fig. 3.
As can be seen, the NC patients in the training dataset showed an
increased percentage REM PSD and a decreased percentage wake
PSD and N1−W PSD compared with controls within the marked
areas. Similar overall trends are seen in the validation dataset al-
though the mean PSD curves differ slightly between the two datasets.

3.3. Influence of medication on the three identified features

To investigate if medication influenced diagnostic predictabili-
ty for the final features we identified, the two datasets were
combined and divided into (1) those taking antidepressants versus
not, (2) those taking stimulants versus not, and (3) those taking an-
tidepressants and/or stimulants versus neither. We next computed
sensitivity and specificity for the features in each of these sub-
groups (Table 4). Finally, we used logistic regression models to
examine how the features were influenced by age, sex, antidepres-
sants, and stimulants.

Table 4 reports on sensitivity and specificity measures for the
final three features in each subset. As can be seen, sensitivity for
alpha activity in REM sleep was slightly lower in non-medicated sub-
groups, whereas specificity was similar across all subgroups. By
contrast, the sensitivity of sigma power in wakefulness was slightly
higher in non-medicated subgroups with no effect on specificity.
For the feature reflecting delta power in the N1−W domain, speci-
ficity was slightly lower in the medicated subgroups.

To account for interactions between narcoleptic status and med-
ication effects, we also performed separate analyses for narcoleptic
patients (Table 5) and control subjects (Table 6). In narcolepsy pa-
tients, neither antidepressants nor stimulants were found to have
significant effects on any of the features. However, age was found
to have a significant effect on alpha power in REM sleep (odds ratio
(OR) = 1.08 (1.03–1.14), p < 0.005).

In controls and non-narcoleptics, antidepressants had no sig-
nificant effect on any of the features. Stimulants, however, had
significant effects on delta power PSD differences in N1 minus W
[OR = 3.21 (1.34–7.71), p < 0.01]. For this feature, we found that stimu-
lants increased the probability of occurrence of the feature, but as
very few controls and non-narcoleptics express this feature (≤4%),
the result should be taken with caution. Our data also indicated that
older age significantly increased the occurrence of the alpha in REM
sleep feature [OR = 1.04 (1.01–1.07), p < 0.05] and slightly de-
creased the occurrence of the sigma in wakefulness feature (OR = 0.96
(0.93–0.99), p < 0.01). Finally, our data suggested that male sub-
jects have a lower probability of expressing the sigma power in
wakefulness feature [OR = 0.42 (0.18–0.97), p < 0.05] and the delta
power in the differential PSD N1−W feature [OR = 0.29 (0.14–
0.60), p < 0.001].

To investigate whether the features add value when combined
with a nocturnal SOREMP, we computed sensitivity, specificity, and

Fig. 3. Mean spectra ± standard error of the mean (SEM) for REM sleep, wakefulness and N1-W for narcoleptics (NC; red curves) and controls (C; blue curves) in the two
datasets. The robust features found are computed from the frequency areas marked by vertical black lines. Top row present data from the training dataset, bottom row
present validation data.
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positive and negative predictive values (PPV and NPV) when NC pa-
tients were diagnosed based on the presence of a nocturnal SOREMP
or any of the features (Table 7). In all cases, sensitivity increased
at the expense of specificity when adding any of the new features
to the presence of a nocturnal SOREMP. The new features in-
creased sensitivity by 3.2–6.4% with a drop of specificity of 2–2.7%.
It should be emphasized that adding any of the new features thus
reduced the PPV.

4. Discussion

This study illustrates advantages and disadvantages of using a
LASSO model as a feature selection approach when seeking diag-
nostic classifiers, and it identifies three novel diagnostic markers
for NC. Although LASSO was able to identify features with a rea-
sonable overall sensitivity and specificity in the training dataset, the
use of the same features in a second independent dataset did not
yield a good replication performance. LASSO chooses a sparse model,

and it excludes any redundant features. In this way, it could end up
including only the better of two similar features, whereof the ex-
cluded one potentially could be the best in the validation dataset.
An alternative to LASSO could be elastic net, where the features are
not excluded, but combined if they are similar. Whether the elastic
net could be used to develop a more generally applicable model
needs to be investigated in future studies. Furthermore, the poor
replication performance seen in this study might not simply be due
to over-fitting in the training dataset but also because of the dif-
ferent definitions of controls in the two datasets, the invertible
differences in hardware equipment, hardware and software set-
tings such as sampling frequency and filters, and scoring procedures
across different clinics.

Analyzing the cause for the poor performance of the final LASSO
model, we looked at each feature individually and found that for
most feature values, the distributions were significantly different
across the two PSG datasets. Lack of generalization of perfor-
mance, when moving from one experimental condition/dataset to

Table 4
Sensitivity and specificity measures for the three reproducible features where the two datasets are combined and subjects are divided into (1) those taking antidepressants
versus not, (2) those taking stimulants versus not, and (3) those taking antidepressants and/or stimulants versus neither.

Dataset No of subjects
(NC/Con)

REM sum 8–11 Hz
≥0.161

W sum
11–16 Hz
<0.042

N1-W
0.5–4 Hz <−116.832

All 155/1218 Sens: 9.0%
Spec: 97.3%

Sens: 3.9%
Spec: 98.0%

Sens: 10.3%
Spec: 96.7%

Subjects taking antidepressants 49/279 Sens: 10.2%
Spec: 96.8%

Sens: 2.0%
Spec: 96.4%

Sens: 10.2%
Spec: 93.9%

Subjects not taking antidepressants 106/939 Sens: 8.5%
Spec: 97.5%

Sens: 4.7%
Spec: 98.4%

Sens: 10.4%
Spec: 97.6%

Subjects taking stimulants 115/66 Sens: 10.4%
Spec: 100%

Sens: 2.6%
Spec: 98.5%

Sens: 12.2%
Spec: 89.4%

Subjects not taking stimulants 40/1152 Sens: 5.0%
Spec: 97.1%

Sens: 7.5%
Spec: 97.9%

Sens: 5.0%
Spec: 97.1%

Subjects taking antidepressants or stimulants 120/306 Sens: 10.0%
Spec: 97.1%

Sens: 2.5%
Spec: 96.7%

Sens: 11.7%
Spec: 93.8%

Subjects not taking antidepressants nor stimulants 35/912 Sens: 5.7%
Spec: 97.4%

Sens: 8.6%
Spec: 98.4%

Sens: 5.7%
Spec: 97.7%

Table 5
P-values and odds ratios (OR) obtained from the linear regression models fitted. Only narcoleptic patients are included in these models, and only the final models are shown.

Outcome Age Gender Antidepressants Stimulants

REM sum 8–11 Hz ≥0.161 OR = 1.0844
(1.0276–1.1443)
p = 0.0032

OR = 0.3684
(0.0944–1.4374)
p = 0.1505

n.s. n.s.

W sum 11–16 Hz <0.042 OR = 0.9613
(0.9156–1.0092)
p = 0.1117

OR = 5.6269
(0.6310–50.1809)
p = 0.1217

n.s. n.s.

N1-W 0.5–4 Hz <−116.832 OR = 0.9877
(0.9557–1.0208)
p = 0.4608

OR = 0.6679
(0.2275–1.9612)
p = 0.4627

n.s. n.s.

n.s.: nonsignificant.

Table 6
P-values and odds ratios (OR) obtained from the linear regression models fitted. Only control subjects are included in these models, and only the final models are shown.

Outcome Age Gender Antidepressants Stimulants

REM sum 8–11 Hz ≥0.161 OR = 1.0362
(1.0082–1.0650)
p = 0.0109

OR = 1.2126
(0.5963–2.4659)
p = 0.5945

n.s. n.s.

W sum 11–16 Hz <0.042 OR = 0.9566
(0.9260–0.9882)
p = 0.0075

OR = 0.4224
(0.1845–0.9670)
p = 0.0414

n.s. n.s.

N1-W 0.5–4 Hz <−116.832 OR = 0.9735
(0.9483–0.9994)
p = 0.0446

OR = 0.2936
(0.1445–0.5966)
p = 0.0007

n.s. OR = 3.2131
(1.3393–7.7084)
p = 0.0089

n.s.: nonsignificant.
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another, is a common problem of machine learning algorithms, which
are often sensitive to environmental changes, such as the use of hard-
ware and scoring between technicians. It is noticed that features
reflecting power in the high-frequency band (21–35 Hz) were all
found to be indicative for NC patients in the training dataset, and
they were increased in NC patients in all stages. None of these fea-
tures showed similar trend in the validation dataset, and it must
be assumed that these features are due to different equipment/ hard-
ware settings for the NC and control subjects in the training dataset
rather than due to physiological disease markers.

In spite of these limitations, three of the 13 selected features ap-
peared to have similar distributions and performances in both
dataset. One of them, decreased percentage amount of sigma power
(11–16 Hz) in wake, has not been reported before. The other two
abnormalities, increased percentage of alpha power (8–11 Hz) in
REM sleep and decreased delta power (0.5–4 Hz) in N1 subtracted
by W, are less surprising as similar to findings reported in animals
[17]. The increased alpha power in REM reflects that the NC pa-
tients are more “awake” or “conscious” during REM compared with
control subjects. The decreased delta power in N1−W might reflect
a smaller delta power in N1 sleep in NC patients compared with
controls and non-narcoleptics, a larger delta power in wake in NC
patients compared with controls and non-narcoleptics, or a com-
bination of the two. Regardless of the case, these likely all represent
sleep stage dissociation in wake and/or N1 sleep. Overall, these fea-
tures illustrate that wakefulness, N1, and REM sleep are more alike
and mixed together in NC patients compared with controls as well
as non-narcoleptics, a result that is not surprising if one considers
that increased N1 sleep is a very consistent sleep architecture ab-
normality in narcolepsy [12–14,31]. These results support former

studies showing that the frequency distributions of all sleep EEG
spectra differ in narcolepsy, including hypocretin knockout mice com-
pared with wild-type mice [17] as well as in NC patients versus
controls [11,32,33].

In both datasets, cutoffs for the three reproducible features were
selected to be >97% specific, and at these cutoffs, sensitivity for the
REM sleep abnormality was 9.6% and 5.3%, sensitivity for the wake
abnormality was 2.9% and 10.5%, and sensitivity for the N1−W ab-
normality was 9.6% and 15.8%. The sensitivity measures are low (high
specificity was selected as a required selection criteria), and it should
be clearly stated that the features found in this study should not
stand alone when classifying NC patients.

The study suffers from a number of limitations. First, the datasets
used in this study were slightly different from those previously used
by Anderlauer et al. [15], a study demonstrating that SOREMPs at
night, defined as REM latency below 15 min, are highly specific (99%)
but modestly sensitive (~45%) biomarkers of NC patients. The most
notable difference was that the training sample (a clinical trial sample
at baseline) and several patients in the validation sample were
allowed treatment with antidepressants and stimulants, though pa-
tients taking sodium oxybate were excluded. In our analysis of
treatment effects, we found that antidepressants had no effect on
any of the features, but that stimulants increased the probability
of a false positive when using the feature reflecting delta power in
the differential PSD N1−W.

Another notable difference between the two datasets was the
lack of age- and sex-matching of the two groups in the validation
dataset. While this was inherent to the design used here (clinical
sample), it led to the fact that NC patients in the validation dataset
were younger than other subjects, likely explaining some of the

Table 7
Sensitivity and specificity measures and positive and negative predictive values (PPV and NPV) for the three reproducible features combined with a nocturnal SOREMP. The
two datasets are combined and subjects are divided into (1) those taking antidepressants versus not, (2) those taking stimulants versus not, and (3) those taking antide-
pressants and/or stimulants versus neither.

Dataset
(all counts)

No. of subjects
(NC/Con)

SOREMP
≤15

SOREMP
≤15
OR
REM sum 8–11 Hz
≥0.161

SOREMP
≤15
OR
W sum
11–16 Hz
<0.042

SOREMP
≤15
OR
N1-W
0.5–4 Hz <−116.832

SOREMP ≤15 or anyone
of the PSD features

All 155/1218 Sens: 29.7%
Spec:99.5%
PPV: 88.5%
NPV: 91.8%

Sens: 36.1%
Spec: 96.8%
PPV: 59.0%
NPV: 92.3%

Sens: 32.9%
Spec: 97.5%
PPV: 62.2%
NPV: 91.9%

Sens: 36.1%
Spec:96.3%
PPV: 55.5%
NPV: 92.2%

Sens: 43.9%
Spec:92.0%
PPV: 41.1%
NPV: 92.8%

Subjects taking antidepressants 49/279 Sens: 16.3%
Spec:99.3%
PPV: 80.0%
NPV: 87.1%

Sens: 22.5%
Spec: 96.0%
PPV: 50.0%
NPV: 87.5%

Sens: 18.4%
Spec: 95.7%
PPV: 42.9%
NPV: 86.9%

Sens:22.5%
Spec:93.2%
PPV: 36.7%
NPV: 87.2%

Sens: 30.6%
Spec: 87.1%
PPV: 29.4%
NPV: 87.7%

Subjects not taking antidepressants 106/939 Sens: 35.9%
Spec:99.6%
PPV: 90.4%
NPV: 93.2%

Sens: 42.5%
Spec: 97.0%
PPV: 61.6%
NPV: 93.7%

Sens: 39.6%
Spec: 98.0%
PPV: 68.9%
NPV: 93.5%

Sens: 42.5%
Spec:97.2%
PPV: 63.4%
NPV: 93.7%

Sens: 50.0%
Spec:93.5%
PPV: 46.5%
NPV: 94.3%

Subjects taking stimulants 115/66 Sens: 27.8%
Spec:97.0%
PPV: 94.1%
NPV: 43.5%

Sens: 35.7%
Spec: 97.0%
PPV: 95.4%
NPV: 46.4%

Sens: 30.4%
Spec: 95.5%
PPV: 92.1%
NPV: 44.1%

Sens: 35.7%
Spec: 87.9%
PPV: 83.7%
NPV: 43.9%

Sens:44.4%
Spec: 86.4%
PPV: 85.0%
NPV: 47.1%

Subjects not taking stimulants 40/1152 Sens: 35.0%
Spec: 99.7%
PPV: 77.8%
NPV: 97.8%

Sens: 37.5%
Spec: 96.8%
PPV: 28.9%
NPV: 97.8%

Sens: 40.0%
Spec: 97.6%
PPV: 36.4%
NPV: 97.9%

Sens: 37.5%
Spec: 96.8%
PPV: 28.9%
NPV: 97.8%

Sens: 42.5%
Spec: 92.4%
PPV: 16.2%
NPV: 97.9%

Subjects taking antidepressants or stimulants 120/306 Sens: 26.7%
Spec: 99.0%
PPV: 91.4%
NPV: 77.5%

Sens: 34.2%
Spec: 96.1%
PPV: 77.4%
NPV: 78.8%

Sens: 29.2%
Spec: 95.8%
PPV: 72.9%
NPV: 77.5%

Sens: 34.2%
Spec:93.1%
PPV: 66.1%
NPV: 78.3%

Sens:42.5%
Spec:87.6%
PPV: 57.3%
NPV: 79.5%

Subjects not taking antidepressants or stimulants 35/912 Sens: 40.0%
Spec: 99.7%
PPV: 82.4%
NPV: 97.7%

Sens: 42.9%
Spec: 97.0%
PPV: 35.7%
NPV: 97.8%

Sens: 45.7%
Spec: 98.0%
PPV: 47.1%
NPV: 97.9%

Sens: 42.9%
Spec: 97.4%
PPV: 38.5%
NPV: 97.8%

Sens: 48.6%
Spec:93.5%
PPV: 22.4%
NPV: 97.9%

data from the training dataset, and bottom row represents validation data.
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differences in the performance of the features across the two datasets.
Indeed, in our analysis of age and gender effects, we found that age
increased the probability of expressing alpha power in REM sleep
in controls and narcolepsy, and it decreased the probability of ex-
pressing sigma power in wakefulness in controls and non-
narcoleptics. These effects likely explain why sensitivity for alpha
power in REM sleep was lower in the validation dataset when com-
pared with the training dataset, and why the sensitivity of the wake
abnormality was higher in the validation dataset when compared
with the training dataset. The fact that older people have more alpha
power during REM sleep and more sigma power during wakeful-
ness may reflect increased nocturnal awakenings, a well-known sleep
alteration associated with normal aging. In this direction, it may be
that EEG surrounding brief arousals should have been excluded from
the analysis, although this would not be practical in clinical prac-
tice. Specifically, arousals may have been confounders of increased
alpha power in REM sleep in NC patients and older healthy subjects.

Males were less likely to express low sigma power in wake, and
thus they had more sigma power during wakefulness. Further, males
were less likely to express the feature reflecting low delta power
in the differential PSD N1−W, and thus they had lower delta power
in wakefulness, higher delta power in N1, or a combination of both.
These results are surprising and are in contrast with a recent report
suggesting that women have higher delta power in NREM sleep [34].

A weakness of this study is the heterogeneity of the two datasets.
These datasets differ in terms of number and ratio of cases/non-
cases, clinical definition of controls, age, and treatment. It is, however,
also a strength of this study, as the reproducible features found here
were found to replicate in the face of harsh conditions. Further, the
validation dataset resembles what occurs in a clinical setting, sug-
gesting that the final three features could add value when diagnosing
NC patients in a real-life situation. Another limitation is the rela-
tively low data sampling rates; however, all relevant power bands
were included for analysis, and this is unlikely to have had signif-
icant influence on the results.

Our ultimate goal was to assemble a set of PSG features that could
be diagnostic of NC with sensitivity and specificity values similar
to that of the PSG-MSLT. Added to nocturnal SOREMPs, the three
new EEG features found in this study raised sensitivity slightly while
maintaining a rather high specificity (Table 7). As other studies have
shown that sleep macrostructure is also changed in NC patients with
shortened REM sleep onset [12,35,36], including changes in sleep
stage transitions [7,12], features that include sleep stage transi-
tion could be added to raise sensitivity further. Hypocretin-
deficient NC is associated with REM behavior disorder and periodic
leg movements during sleep [10] as well as attenuated autonomic
response [37]. It is likely that including features describing these
additional characteristics in the EMG, ECG, etc. would increase sen-
sitivity as well.

5. Conclusions

In summary, we found that EEG spectral analysis during REM
sleep, wake, and N1−W contains features that are indicative of NC,
likely reflecting sleep stage dissociations. These features are not suf-
ficiently predictive by themselves for NC, but added to PSG SOREMPs
and other PSG features could lead to new diagnostic procedures for
NC.
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