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Abstract—Rapid Eye Movement (REM) sleep behaviour dis-
order (RBD) is an early biomarker of neurodegeneration but
requires resource-intensive video-polysomnography (v-PSG) for
diagnosis. This study presents an interpretable pipeline for
automated detection of idiopathic RBD (iRBD) using heart rate
variability (HRV) features extracted from ECG during sleep.
HRV metrics are computed separately for each sleep stage to
capture stage-specific autonomic signatures. Selected features
are used to train an Explainable Boosting Machine (EBM).
The approach is evaluated on an age-matched cohort of 67
subjects (33 healthy controls and 34 iRBD) using nested Leave-
One-Subject-Out cross-validation. Across ten random seeds, the
REM stage yielded the best performance (AUC = 0.82 ± 0.02,
accuracy = 0.75 ± 0.04). Four HRV features are consistently
selected across folds, indicating stable autonomic markers of
iRBD and highlighting the potential of single-lead ECG as a
scalable screening tool.

Index Terms—REM sleep behaviour disorder, heart rate
variability, explainable boosting machine, interpretable machine
learning, polysomnography, leave-one-subject-out

I. INTRODUCTION

Neurodegenerative synucleinopathies currently lack disease-
modifying therapies [1]. Rapid Eye Movement (REM) sleep
behaviour disorder (RBD), characterised by loss of normal
muscle atonia during REM sleep, is one of the strongest
prodromal markers of synucleinopathy: up to 80–90% of
individuals with idiopathic RBD (iRBD) eventually convert
within 10–15 years [2]–[4]. Diagnosis relies on attended video-
polysomnography (v-PSG) [4], a resource-intensive procedure
confined to specialised sleep centres, motivating the search
for automated biomarkers extractable from PSG signals or
wearable devices.

A. HRV and Sleep Stages as a Window on Neurodegeneration

A well-documented early feature of synucleinopathies is
autonomic nervous system involvement, driven by Lewy body

pathology spreading to sympathetic and parasympathetic gan-
glia and brainstem nuclei [5], [6]. Heart rate variability
(HRV), derived from single-lead electrocardiogram (ECG),
is a validated non-invasive measure of cardiac autonomic
modulation [7]. Because distinct sleep stages exhibit substan-
tially different autonomic profiles (parasympathetic dominance
in N3, sympathetic surges in REM, intermediate states in
N1+N2 [8]) computing HRV features separately for each stage
can reveal signatures that whole-night analyses obscure. Since
HRV also declines with ageing [9], the cohort in this study is
age-matched between groups (p = 0.135, Mann–Whitney U
test).

B. State of the Art and the Remaining Gap

Several studies have investigated machine learning ap-
proaches to RBD detection from PSG signals, ranging
from deep learning on full-night multi-channel recordings
to composite methods combining electromyography (EMG),
electroencephalography (EEG), and cardiorespiratory fea-
tures [10]. Rechichi et al. [11] proposed an automatic REM
Sleep Without Atonia (RSWA) detection pipeline on the public
CAP Sleep Database and on a subset of the TURIN database
used here, reaching 87% accuracy and 93% sensitivity using
spectral EMG features; that work focused on muscular atonia
markers, whereas the present study examines the complemen-
tary perspective of cardiac autonomic modulation via single-
lead ECG. HRV-based features have also been explored as
markers of autonomic dysregulation [12], yet prior work
typically analyses HRV without sleep-stage stratification or
relies on opaque classifiers incompatible with regulatory trans-
parency requirements.

C. Explainable AI as a Clinical Necessity

Black-box models compromise clinician trust, obscure fail-
ure mechanisms, and conflict with emerging regulatory frame-



works for medical AI [13], [14]. Post-hoc methods provide
approximate interpretations but do not alter the fundamental
opacity of the underlying model. Explainable Boosting Ma-
chines (EBMs) [15], [16], belonging to the family of gener-
alised additive models (GAMs), are intrinsically interpretable:
each feature’s contribution is directly readable from the model
with no approximation required, at accuracy competitive with
gradient-boosted trees on tabular data [15].

D. Contributions

• A sleep-stage-stratified HRV pipeline applied to an age-
matched, class-balanced polysomnographic cohort of 67
subjects divided between healthy controls (HC) and
iRBD.

• A systematic feature selection with redundancy pruning
to identify the most informative and non-redundant HRV
metrics.

• An EBM classifier providing interpretable per-feature
shape functions that reveal the autonomic signatures
distinguishing iRBD from HC.

II. METHODS

Figure 1 illustrates the overall workflow of the proposed
HRV-based iRBD detection pipeline. Briefly, ECG signals are
first extracted and preprocessed, followed by HRV feature
extraction and aggregation. Subsequently, feature selection and
hyperparameter optimisation are performed before training the
final EBM model and interpreting its predictions through the
model’s native explainability.
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Fig. 1. Overview of the proposed HRV-based iRBD detection pipeline.

A. Dataset

In this study we considered a private database acquired
at the Sleep Medicine Centre of Molinette Hospital, Turin,
Italy (TURIN Database). The database comprises 67 full-night
PSG recordings, including 33 HC and 34 iRBD. The study
protocol was conducted in accordance with the Declaration
of Helsinki and approved by the Ethics Committee of A.O.U.
Città della Salute e della Scienza di Torino (approval number
00384/2020). Written informed consent was obtained from all
participants prior to their inclusion in the study. Eligibility
criteria included an age between 35 and 75 years, the absence
of pharmacological treatments known to affect cardiac rhythm
or alter ECG morphology or variability, and no diagnosis
of neurodegenerative disease. Furthermore, iRBD patients

included in the dataset did not present comorbid obstructive
sleep apnoea syndrome (OSAS) or periodic limb movements
(PLM). Table I summarises the demographic characteristics
and sleep stage distribution of the study population.

For each PSG recording, sleep staging was performed using
the corresponding hypnogram manually scored by experienced
clinicians. Segments without an assigned sleep stage were
excluded. For the following analyses, four sleep conditions
were considered: REM sleep, N3, the combination of N1 and
N2 stages, and the full recording after excluding wakefulness
epochs (no-wake). This allowed HRV to be assessed across
distinct sleep stages and over the total sleep period, enabling
identification of the stage most informative for distinguishing
iRBD from HC.

B. Signal Processing and RR Intervals Extraction
The ECG signals extracted from the PSG recordings were

preprocessed using the following pipeline for HRV analysis.
First, all recordings were resampled to 256 Hz to ensure
a uniform temporal resolution across subjects, as the ECG
signals were originally acquired using two different devices.
A fourth-order Butterworth bandpass filter (5–30 Hz) was
then applied to enhance the QRS complex while attenu-
ating noise and low-frequency artefacts. R-peak detection
was performed using the Python library NeuroKit2 [17]. To
enhance signal reliability, the automatically detected peaks
were further refined through dedicated correction procedures
aimed at identifying and rectifying potential misdetections,
thus maintaining the physiological integrity of the beat-to-beat
sequence. RR intervals were computed as the time differences
between consecutive R-peaks, generating the RR time series
for subsequent analysis.

C. HRV Feature Extraction and Aggregation
HRV analysis was performed using a sliding-window ap-

proach with 5-minute windows and 30% overlap. Within each
window, time-domain, frequency-domain, and non-linear HRV
metrics were computed using the NeuroKit2 library [17]. Nine
HRV features were selected based on their ability to quantify
global autonomic failure and vagal tone. To prepare the input
for the EBM, since the number of HRV windows varies across
subjects, the per-window features were collapsed into a fixed-
length subject-level vector by applying summary statistics
across windows, resulting in 36 features per subject. The
extracted features and the corresponding summary statistics
are listed in Table II.

D. Feature Selection
To identify the most discriminative features while preserv-

ing the interpretability of the EBM’s additive structure, a
two-phase filter procedure is applied. Both phases operate
exclusively on training data.

1) Univariate Ranking: Each aggregated HRV feature f is
scored with a non-parametric Separability Index:

SIf =

∣∣∣x̃(0)
f − x̃

(1)
f

∣∣∣
0.5

(
IQR

(0)
f + IQR

(1)
f

) , (1)



TABLE I
DEMOGRAPHIC AND SLEEP CHARACTERISTICS OF THE STUDY POPULATION. VALUES ARE REPORTED AS MEAN ± STANDARD DEVIATION

Group Sex (M/F) Age (years) N1+N2 (%) N3 (%) REM (%) PSG duration (hh:mm)

HC (33) 22/11 51.6± 10.3 53.2± 13.9 19.0± 8.8 15.0± 6.0 07 : 37± 01 : 16

iRBD (34) 18/16 56.6± 13.1 53.3± 10.7 16.6± 7.4 16.5± 6.4 07 : 23± 01 : 17

TABLE II
HRV FEATURES BY DOMAIN AND AGGREGATION METRICS

Domain Features

Time-domain SDNN, RMSSD
Frequency-domain VLF, HF, TP
Non-linear SD2, SampEn, LZC, DFAα1

Aggregation Median, SD, Skewness, P90

where x̃
(c)
f is the median of feature f in class c and IQR

(c)
f

the corresponding interquartile range. Features are sorted in
descending order of SIf .

2) Redundancy Pruning: The ranked list is walked greed-
ily: each candidate feature is discarded if its absolute Spear-
man correlation with any already-accepted feature exceeds
|ρs| > 0.80; otherwise it is accepted. The walk terminates
after M features have been accepted or the list is exhausted.

E. Training and Evaluation Pipeline

Classification follows a nested Leave-One-Subject-Out
(LOSO) scheme.

The additive structure of the EBM is central to the inter-
pretability of the pipeline: the model expresses the log-odds
of the positive class as

g(x) = β0 +

p∑
j=1

fj(xj), (2)

where each fj is a univariate shape function learned through an
ensemble of shallow decision trees. Because every prediction
decomposes into a sum of individual feature contributions,
no post-hoc approximation is required. This decomposability
motivates the feature selection and hyperparameter choices
described below.

1) Outer-Fold Feature Selection: Within each outer fold the
two-phase filter is not applied to the full training set directly.
Instead, the N−1 training subjects are split into Kfs = 3
stratified folds and the ranking-pruning procedure is executed
on the inner-training portion of each split only. Features are
ranked first by selection frequency across splits, then by mean
rank position to break ties. The top M features form the outer
fold’s consensus ranking.

2) Hyperparameter Optimisation: Optuna [18] with a Tree-
structured Parzen Estimator (TPE, 10 random start-up trials)
searches over 50 trials within each outer fold. Each trial pro-
poses four EBM hyperparameters, listed in Table III, together

with the number of features nfeat ∈ [1, M ]. The nested LOSO
pipeline was repeated with ten random seeds to assess the
robustness of the selected hyperparameters, feature subset, and
final performance.

TABLE III
EBM HYPERPARAMETER CONFIGURATION

Group Parameter Value

Fixed
early_stopping_rounds 200

min_samples_leaf 2
validation_size 0.10

Tuned

learning_rate {0.005, 0.01, 0.02}
smoothing_rounds {50, 75, 100}

max_leaves {2, 3}
interactions {0, 2}
n_features [2, 10]

Trials are evaluated via 10-fold stratified cross-validation.
For each inner fold the ranking-pruning procedure is recom-
puted independently on its own inner-training partition, so
that feature rankings are never influenced by inner-validation
subjects. The first nfeat features of each inner fold’s list are
used to train and evaluate the EBM.

The optimisation objective is a Lower Confidence Bound
(LCB) score:

LCB = s̄− 0.5σs, (3)

where s̄ is the mean accuracy across inner folds, σs its
standard deviation, and κ = 0.5 is a penalisation coefficient set
empirically to balance exploitation and stability across folds.

3) Final Model: The best Optuna trial determines the
optimal hyperparameters and the final feature count. This
feature count selects the top features from the consensus
ranking computed on the N − 1 training subjects. A single
EBM is trained on all N − 1 subjects using these specific
features and hyperparameters. This final model predicts the
label and class probability for the held-out test subject. To
contextualise the EBM performance, Logistic Regression (LR)
and Decision Tree (DT) baselines were evaluated across all
four sleep stages under the same nested LOSO protocol,
feature-selection pipeline, and Optuna-based hyperparameter
optimisation.

III. RESULTS

A. Classification Performance
Figure 2(a) shows the EBM classification performance

across the four sleep stages. Across ten random seeds, the



REM stage yielded the best performance, with mean AUC
= 0.82 ± 0.02 and mean accuracy = 0.75 ± 0.04. LR and
DT baselines, evaluated across all stages, also peaked at REM
(seed 42: LR: AUC = 0.61, accuracy = 0.63; DT: AUC = 0.60,
accuracy = 0.63), confirming REM as the most informative
stage across all classifiers. Consequently, the feature evaluation
and shape function analysis concentrated exclusively on the
REM stage. Figure 2(b) provides the confusion matrix for the
REM stage for the same representative run. For brevity, all
subsequent detailed analyses refer to the representative run
obtained with seed 42.
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Fig. 2. (a) Classification performance (AUC, accuracy, sensitivity, specificity)
across sleep stages. (b) Confusion matrix for the REM stage.

B. Features and Hyperparameters Stability

Because each LOSO fold operates on a slightly different
training set (N−1 subjects), both the consensus feature rank-
ing and the Optuna-selected hyperparameters may vary across
folds. Monitoring this variability is essential: a model whose
feature set changes drastically from fold to fold offers weaker
physiological interpretability than one that converges on a
stable subset. Figure 3 shows the percentage of folds that
include each feature within the final n subset, restricted to a
minimum selection frequency of 10%. Four features achieved
a selection frequency in over 85% of cases: RMSSD_skew,
SDNN_skew, SampEn_std, and DFA_alpha1_median.
This high frequency confirms the consensus method selects
stable features across all leave-one-out folds.
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Fig. 3. Feature selection stability across LOSO folds. Each bar indicates in
how many of the N folds a given feature was included in the final model.

Table IV reports the distribution of optimal hyperparameters
selected by Optuna across the 67 outer folds.

TABLE IV
EBM HYPERPARAMETER DISTRIBUTION ACROSS 67 LOSO FOLDS

(REM STAGE)

Parameter Modal value Frequency

learning_rate 0.005 49%
smoothing_rounds 75 43%
max_leaves 3 88%
interactions 0 88%
n_features 8 median = 8, range [3, 10]

To evaluate the statistical differences between HC and
iRBD, statistical tests were performed on the four most fre-
quently selected features. The normality of the feature distri-
butions was first assessed using the Shapiro–Wilk test. As the
distributions were found to be non-normal, the Mann–Whitney
U test was applied to compare the two groups. The effect
size was calculated using the rank-biserial correlation. The
significance level was set at α = 0.05; all four features were
statistically significant in differentiating HC and iRBD. Fig-
ure 4 visualises the class-wise distributions of these features,
together with the corresponding significance levels and effect
size values.

p=0.0107, r= −0.36

p=0.0061, r= 0.39
*

*
p=0.0123, r= −0.36

*

p=0.0181, r= −0.34
*

Fig. 4. Violin plots of HC and iRBD for the four most stable features. The
p-value (p) and effect size (r) are reported; * denotes a statistically significant
difference between groups.

1) Mean Additive Scores: For each subject the EBM as-
signs a log-odds contribution per feature; averaging these
scores by true class reveals how each feature separates HC
from iRBD at the population level. Figure 5 reports this
analysis for the four core features.
RMSSD_skew exhibits the strongest bipolar separation:

it contributes on average −0.8 log-odds for HC sub-
jects and +0.5 log-odds for iRBD subjects, actively push-
ing the model toward the correct class in both groups.
DFA_alpha1_median shows a similar symmetric pattern
with smaller magnitude. SampEn_std, by contrast, displays
an asymmetric profile: a strong negative contribution for HC
but a near-zero contribution for iRBD, acting primarily as



a marker of healthy autonomic regularity rather than as an
indicator of disease. SDNN_skew contributes weakly in both
classes, yet is selected in 96% of the folds, indicating a small
but generalisable correction.

It is worth noting that TP_p90 reaches the highest bipolar
magnitude among the auxiliary features (±0.2 log-odds), yet
it is selected in only 61% of the folds. This combination
of strong discriminative power and low selection stability
suggests specialisation on a patient subset whose composition
varies across folds, in contrast with the weak but almost global
contribution of SDNN_skew.

Fig. 5. Mean additive EBM score as log-odds per class in REM stage.

2) Shape Functions: While mean scores summarise each
feature’s average contribution, the shape functions fj(xj)
reveal how it varies with the feature value. Figure 6 plots,
for each core feature, the median curve across LOSO folds
(solid line) and the interquartile range (shaded band). Reading
both representations jointly is informative: the shape function
encodes the mapping rule learned by the model, while the
mean score reflects its actual impact given the distribution of
patients in the cohort.

a) RMSSD skew: Values between approximately 0.75
and 1.6 produce strong negative scores (fj ≈ −2.0), assigning
the subject to HC. Outside this range the curve shifts toward
iRBD (fj ≈ +0.5). The IQR band widens at the extremes
but remains on one side of zero, preserving a consistent di-
rection across folds. The mean scores (−0.8 for HC, +0.5 for
iRBD) confirm dense patient representation in the respective
discriminative segments.

b) SDNN skew: The curve decreases monotonically with
a zero-crossing near 0.45: below this threshold it favours iRBD
(fj ≈ +1.0), above it HC (fj ≈ −0.75). Mean scores are weak
in both classes, indicating that most subjects cluster near the
zero-crossing; nevertheless, the feature is selected in 96% of
folds, confirming a small but consistently useful correction.

c) SampEn std: A zero-crossing near 0.27 separates two
regimes: below it the curve favours HC (fj ≈ −0.6); above it
the score rises steeply toward iRBD (fj ≈ +1.5), the highest
single-feature magnitude observed. Mean scores show that this
feature acts primarily as an HC marker, as only a few subjects
activate the steep positive segment, consistent with the wide
IQR band in that region.

d) DFA alpha1 median: Values between approximately
1.23 and 1.50 produce a strong negative score (fj ≈ −2.5
at the trough), clearly identifying HC. Outside this interval

the curve rises toward iRBD, stabilising near fj ≈ +1.0
for values above 1.50 and below 0.90. Below 0.90 the IQR
band spans both positive and negative predictions, reflecting
complete model uncertainty in that region.

Fig. 6. EBM shape functions for the four most stable features (REM stage).
Solid line: median fj(xj) across LOSO folds; shaded band: interquartile
range. Green: fj < 0 (toward HC); red: fj > 0 (toward iRBD).

IV. DISCUSSION

A. Interpretable Autonomic Signatures of iRBD During REM
Sleep

The central finding is that a stable set of HRV features ex-
tracted from the REM stage and classified by an EBM achieved
a mean AUC of 0.82 ± 0.02 and a mean accuracy of 0.75 ±
0.04 in distinguishing iRBD from age-matched HC, with every
prediction fully decomposed into additive shape functions. The
EBM outperformed both LR and DT baselines, indicating that
its choice is motivated not only by glass-box interpretability
but also by stronger predictive performance. The superiority
of REM over N1+N2, N3, and no-wake reflects the known
pathophysiology: in healthy subjects REM is characterised by
pronounced sympathetic surges and strong short-term fractal
correlations, whereas early Lewy body infiltration of brainstem
nuclei and sympathetic ganglia attenuates this dynamic in
iRBD [5], [6].

Four features were selected in more than 85% of the
67 LOSO folds. All four were also statistically signifi-
cant between groups with effect sizes above 0.3, and this
agreement between cross-validation stability and statistical
significance supports their relevance as autonomic markers
of iRBD. The RMSSD_skew shape function assigns strong
negative log-odds (fj ≈ −2.0) to the healthy range (0.75-
1.6), flagging flattened or erratic distributions outside it. The
DFA_alpha1_median identifies a healthy window (1.2-1.5)
with a deep trough (fj ≈ −2.5), penalising values outside it.



B. Comparison with the Literature

Direct comparison with prior work is difficult. A recent
systematic review [19] confirms severe methodological in-
homogeneity across HRV-based RBD studies: the majority
evaluate cardiac autonomic control using daytime tests rather
than nocturnal PSG, and those that do analyse sleep data rarely
stratify by stage. Machine learning approaches to REM-related
parasomnias [10], [11] achieve competitive classification rates
but rely on multi-channel setups and opaque algorithms (e.g.,
SVM), precluding direct inspection of learned decision rules.
The present work occupies a distinct position by restricting
inputs to single-lead ECG during individual sleep stages and
employing an EBM whose additive structure yields exact
physiological thresholds, deliberately prioritising transparency
over maximal predictive performance.

C. Clinical and Translational Implications

Regulatory frameworks for medical AI require auditable
models that support human oversight [13]. The EBM meets
this requirement by providing exact, globally consistent fea-
ture contributions inspectable for any individual prediction.
Beyond the clinic, single-lead ECG is recordable by consumer
wearables, opening a pathway toward home-based screening
for prodromal synucleinopathy and longitudinal monitoring of
autonomic progression in neuroprotective trials.

D. Limitations and Future Directions

The dataset comprises 67 subjects from a single centre;
validation on multi-site cohorts is necessary to establish
generalisability. The sample size also limits subgroup and
fairness analyses. Future work should also assess whether
window-level approaches, such as multiple-instance learning
or majority voting, better capture the paroxysmal nature of
iRBD than fixed-length subject-level aggregation. Translation
to wearable ECG introduces noisier RR estimates, absence
of manual hypnograms, and potential domain shift. Future
work should assess robustness to sensor noise and automated
sleep staging, integrate additional PSG signals (EEG, EMG),
extend the classification to calibrated conversion-risk scores,
and investigate night-to-night variability of the identified HRV
biomarkers.

V. CONCLUSION

This study demonstrated that HRV features extracted from
single-lead ECG during sleep, computed separately for each
sleep stage and aggregated via summary statistics, can reliably
distinguish iRBD from HC when classified by an EBM. The
REM stage proved most informative, and four core features
were consistently selected across LOSO folds, confirming
their potential as reproducible digital biomarkers. The additive
structure of the EBM enables fully transparent predictions,
offering an interpretable and physiologically grounded frame-
work for automated iRBD screening.
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