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A B S T R A C T

Rapid eye movement (REM) sleep behavior disorder (RBD) is a parasomnia, and its isolated form is of particular 
interest, as it is an early phase alpha-synucleinopathy. Machine learning (ML) and deep learning (DL) models 
offer potential for automated detection, prediction of phenoconversion, and phenotyping. This scoping review 
identified 75 studies applying ML/DL in RBD and evaluated their methodological and reporting quality using the 
APPRAISE-AI tool. Most studies (73.3%) focused on RBD detection and mainly used polysomnographic data for 
this, while 16% addressed prediction of phenoconversion, with imaging data being the most employed modality. 
Sample sizes were generally small (most studies including only 20–100 individuals). According to APPRAISE-AI 
scores, 80% of studies had moderate overall methodological and reporting quality. Common deficiencies 
included lack of transparency in data and code sharing (23.3%), and poor reporting of hyperparameter tuning 
(17.1%), bias assessment (26.9%), and error analysis (0.66%). Data leakage was observed in 32% of studies. 
These issues hinder clinical translation and prevent incremental progress between research groups. Without 
transparent reporting and shared resources, replication and model comparisons become nearly impossible. 
Future work should adopt open science principles and rigorous validation to advance AI-based tools in sleep 
medicine.

1. Introduction

The term artificial intelligence (AI) refers to machine-based systems 
operating with varying degrees of autonomy and that, based on the in
puts received, can generate outputs such as classification, predictions, 
recommendations, or other types of decisions [1]. Those systems typi
cally use machine learning (ML) and deep learning (DL) algorithms to 

generate the desired outputs [2]. Compared to rule-based systems, ML 
and DL algorithms learn patterns and make decisions directly from data, 
without hard-coded instructions [2].

The role of ML/DL is expanding tremendously in every field of 
healthcare [3], including sleep medicine and research [4,5]. Among the 
various subfields of sleep research, investigations of rapid eye move
ment (REM) sleep behavior disorder (RBD) are particularly well posi
tioned to benefit from the use of ML and DL. First, diagnosis of RBD is a 
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time-consuming task, requiring documentation of REM sleep without 
atonia (RWA) from night polysomnography (PSG) and careful analysis 
of nocturnal video [6,7]. ML/DL algorithms might therefore offer a great 
opportunity to quickly and objectively analyze sleep recordings and 
support clinicians in the diagnostic process. Second, patients with iso
lated RBD (iRBD) are recognized to be in the early stages of an 
alpha-synuclein-related neurodegeneration (i.e., Parkinson's disease - 
PD, dementia with Lewy bodies – DLB, and multiple system atrophy – 
MSA) [8,9], but a single biomarker that reliably indicates the proximity 
to phenoconversion to overt alpha-synucleinopathy is still missing [9]. 
As ML/DL algorithms can potentially find complex patterns in large 
data, such solutions might contribute to identifying novel biomarkers or 
biomarker combinations predicting phenoconversion. In this regard, 
prediction of the phenotype (PD, DLB or MSA) could also be accom
plished by these solutions. Finally, RBD remains largely underdiagnosed 
and ML/DL algorithms applied to data collected with wearable and 
unobtrusive technologies might be useful, after appropriate extensive 
validation, for screening in the targeted populations [10].

Although there is great excitement related to the application of ML 
and DL in the healthcare sector, recent reviews have highlighted con
cerns related to quality of reporting of ML/DL studies in several fields of 
medicine [11], including oncology [12], neuroimaging [13], and urol
ogy [14]. For ML/DL applications, in fact, it is highly important that 
methods and results are reported in a comprehensive, reproducible and 
transparent manner. Only high-quality reporting can ensure that pro
posed AI solutions are not affected by flaws such as data leakage, 
overfitting and poor generalizability. To the best of our knowledge, no 
study has ever evaluated the quality of reporting of ML/DL studies in the 
field of sleep medicine.

With the aim of improving the quality of reporting of ML/DL 
research in medicine, several guidelines applicable to various research 
phases (preclinical, clinical or translational) have been recently sug
gested [15]. Among them, the APPRAISE-AI stands out as the only tool 
with demonstrated methodological robustness for assessing the report
ing quality of AI studies designed for clinical decision support [16]. It 
uniquely provides empirical evidence of reliability - showing low 
inter-rater reliability- and it is the only framework to show strong cor
relations with independent indicators of study quality, such as 3-year 
citation rate [16]. Given that ML/DL applications in the field of RBD 
are primarily aimed at clinical decision support—such as screening, 
diagnosis, and prediction of phenoconversion timing and phenoty
pe—the APPRAISE-AI tool offers the most rigorous and appropriately 
validated framework for evaluating the reporting quality of these 
studies.

The aim of this review is to evaluate literature studies with appli
cations of ML/DL in RBD cohorts and to critically appraise their meth
odological and reporting quality using the APPRAISE-AI framework. 

Ultimately, through this critical evaluation, we aim to highlight the 
strengths and limitations of current research in this field and to identify 
key areas for future improvement.

2. Methods

2.1. Registration and reporting guidelines

This scoping review was registered in osf.io (https://doi.org/10 
.17605/OSF.IO/MWJD4) and reported according to the Preferred 
Reporting Items for Systematic Reviews and Meta-Analyses, extended 
for Scoping Reviews (PRISMA-ScR) guideline [17].

2.2. Search strategy

We searched PubMed and Web of Science for studies where ML/DL 
was applied in the field of RBD research published until 30 April 2025. 
The detailed search strategies are provided in Tables S1 and S2 in the 
Supplemental Material.

2.3. Eligibility criteria

We included studies that: (i) focused on populations with RBD 
(diagnosed with video-PSG); (ii) used either RBD as input variable or 
outcome of a model; (iii) employed ML/DL for the purposes of items (i) 
or (ii). Studies were excluded if: (i) the study type was a systematic/ 
narrative/scoping review or a guidance document, commentary, edito
rial; (ii) no patients with RBD were included in the study; (iii) diagnosis 
of RBD was not performed with video-PSG according to international 
criteria [6]; (iv) no abstract was available; (v) they were not in English 
language; (vi) their text was not available to the authors; and (vii) no 
ML/DL model was used in the study. Furthermore, we decided to include 
in the review only studies where the primary focus of the ML/DL models 
was on RBD, either as predictor or outcome of the ML/DL models. In this 
way, we excluded studies using for instance ML/DL for sleep staging 
applied to RBD. For the scope of this review, we defined a ML/DL as 
follows either as (i) a model with >1 variable (i.e., predictor): fitted to 
some set of data and evaluated in another (usually a train-test, or 
train-validation, or cross-validation split); or (ii) a clustering approach 
that assigns groups to input data and evaluates these groups with 
regards to some metrics or known variables.

2.4. Study selection

A 2-level study selection process was conducted. Initial selection was 
based on title and abstract screening, and carried out in the online 
Rayyan platform. Prior to the main screening phase, a calibration pro
cedure was conducted to verify the clarity and consistency of the in
clusion and exclusion criteria. The three leading authors (ABK, IR, and 
MC) first established ground truth inclusion or exclusion decisions for a 
subset of 50 abstracts and ten authors independently screened them. 
Agreement among authors was moderate (Fleiss' κ: 0.38, averaged 
pairwise Cohen's κ: 0.46), but was considered acceptable for our pur
pose. Following this step, each title and abstract were evaluated inde
pendently by two authors; conflicts were resolved by one of the leading 
authors of the review (ABK, IR, and MC). For the articles that passed the 
initial screening, full-text screening was carried out by two of the three 
leading authors. Conflicts at this stage were resolved through consensus 
among all three leading authors.

2.5. Data extraction and assessment of quality of reporting

For each of the studies ultimately included in the review, general 
descriptive study characteristics were extracted. These included: i) year 
of publication, ii) country/countries of the study population, iii) sample 
size of the study populations, iv) aim of the proposed ML/DL models, v) 

Glossary of terms

AI artificial intelligence
DL: deep learning
DLB dementia with Lewy bodies
iRBD isolated RBD
ML: machine learning
MSA multiple system atrophy
RBD REM sleep behavior disorder
REM rapid eye movement
RWA REM sleep without atonia
PD Parkinson's disease
PRISMA-ScR Preferred Reporting Items for Systematic Reviews 

and Meta-Analyses extended for Scoping Reviews
PSG polysomnography
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type of algorithm/architecture employed, vi) input data of the model, 
and vii) main findings. Data extraction was performed for each study by 
one of the three leading authors.

The APPRAISE-AI tool [16] was used to assess the quality of AI 
methodology and reporting of the included studies. This instrument 

consists of 24 different items with a maximum overall score of 100 
points. These items can be grouped in six main domains: 1) clinical 
relevance (maximum of 4 points), 2) data quality (maximum of 24 
points), 3) methodological conduct (maximum of 20 points), 4) 
robustness of results (maximum of 20 points), 5) reporting quality 

Fig. 1. PRISMA-ScR diagram of this scoping review.

A. Brink-Kjaer et al.                                                                                                                                                                                                                            Sleep Medicine Reviews 88 (2026) 102299 

3 



Table 1 
Overview of the studies included in the review. Input data, aim of the ML/DL model, main findings and overall score according to the APPRAISE-AI tool [16] are 
shown.

Study Input data Aim of ML/DL model Main findings Overall 
score

Abdelfattah M et al., 
2025 [18]

Imaging (2D nocturnal video) Detection of RBD Using 5 features describing short movements in REM sleep, accuracy 
of 92% for RBD detection.

61

Alushaj E et al., 2025 
[19]

Imaging (MRI) Detection of RBD Quantitative susceptibility mapping showed iron changes in SNc, 
GPe, GPi, and VTA that differentiated iRBD, PD, and HC with 81–86% 
accuracy.

54

Arnaldi D et al., 2021 
[20]

Imaging (DaT-SPECT) Prediction of 
phenoconversion

Highest risk linked to age over 70, constipation, and reduced putamen 
dopaminergic activity, yielding a hazard ratio of 5.71.

57

Arnaldi D et al., 2024 
[21]

Imaging (DaT scan), motor, cognitive, 
olfaction, constipation.

Prediction of 
phenoconversion

Imaging data predicted conversion with up to 85% specificity and 
77–85% sensitivity. Imaging superior over clinical data alone.

52

Arora S et al., 2018 
[22]

Motor (smartphone motor test) Detection of RBD iRBD distinguished from controls and PD with 85-92% sensitivity and 
specificity.

57

Arora S et al., 2021 
[23]

Voice Detection of RBD iRBD distinguished from controls and PD with up to 75% sensitivity 
and 73% specificity.

63

Benba A et al., 2019 
[24]

Voice Detection of RBD PD distinguished from controls with 85% accuracy, 66% of iRBD 
classified as PD with this model.

49

Bisgaard S et al., 2015 
[25]

PSG (EEG) Detection of RBD iRBD distinguished from controls with 78% accuracy. 43

Brink-Kjaer A et al., 
2022 [26]

PSG (EEG, EOG, EMG, ECG) Detection of RBD Model classified RBD with 91.4% sensitivity and 86.3% specificity. 60

Brink-Kjaer A et al., 
2023 [27]

Actigraphy, olfaction, constipation, 
autonomic, other (RBD questionnaire)

Detection of RBD iRBD detected from actigraphy with 95% sensitivity and 91% 
precision, reaching 100% specificity when combining actigraphy with 
questionnaire (assessing RBD and non-motor symptoms).

64

Brink-Kjaer A et al., 
2023 [28]

Actigraphy Detection of RBD Combining nighttime and 24-h actigraphy markers, detection of iRBD 
with 79% sensitivity and 96% specificity.

62

Byeon H, 2020 [29] Motor, cognitive, other (clinical 
history).

Detection of RBD Detection of RBD in PD with 79% sensitivity (age, motor scores and 
cognitive measures best predictors).

43

Cesari M et al., 2018 
[30]

PSG (EMG) Detection of RBD REM atonia index the most sensitive method for RBD detection, 
though no single method optimal across all conditions.

51

Cesari M et al., 2021 
[31]

PSG (EEG, EOG) Detection of RBD RBD identified with accuracy of 82% in PD patients (micro-sleep 
instability key predictor).

58

Cesari M et al., 2019 
[32]

PSG (EMG) Detection of RBD EMG algorithm distinguishes RBD from controls and patients with 
PLMD with accuracy up to 70.8% and outperforms other EMG 
methods.

60

Cesari M et al., 2019 
[33]

PSG (EMG) Detection of RBD Previously developed EMG algorithm detects RBD with 84.2% 
accuracy in an external center.

63

Cesari M et al., 2024 
[34]

PSG (EEG, EMG) Prediction of 
phenoconversion

Using REM EEG features, prediction of phenoconversion with a 
Harrel's C-index of 0.723 (EEG slowing key predictor).

55

Cesari M et al., 2023 
[35]

Imaging (3D time-of-flight camera) Detection of RBD Short movements across head, hands, upper and lower body during 
REM sleep distinguish iRBD patients from controls with 86.6% 
accuracy.

54

Chahine et al., 2025 
[36]

Other (electronic health record data) Detection of RBD RBD ICD code had a positive predictive value of 73.25% for actual 
iRBD.

50

Christensen JAE et al., 
2013 [37]

PSG (EOG) Detection of RBD EOG-based model distinguished iRBD and PD patients from controls 
with 90% accuracy, 95% sensitivity, and 80% specificity.

45

Christensen JAE et al., 
2014 [38]

PSG (EEG, EOG) Detection of RBD Unsupervised topic modelling classified PD and iRBD from controls 
with 91.4% sensitivity and 68.8% specificity (unstable N3 and REM 
sleep key predictors).

52

Cochen De Cock V 
et al., 2022 [39]

Motor (gait) Detection of RBD Gait-based model that distinguished iRBD patients from healthy 
controls and PD patients with 95% accuracy, 100% sensitivity, and 
90% specificity.

47

Cooray N et al., 2019 
[40]

PSG (EEG, EOG, EMG) Detection of RBD Detection of RBD with 92% accuracy, even when incorporating 
automatic REM sleep detection.

54

Cooray N et al., 2021 
[41]

PSG (ECG, EOG, EMG) Detection of RBD One EOG and one EMG channels achieved 90% accuracy in detection 
of RBD.

60

Cooray N et al., 2018 
[42]

PSG (EMG) Detection of RBD EMG combined with sleep architecture achieved 88% accuracy, 91% 
sensitivity, and 86% specificity for RBD detection.

49

Feng S et al., 2023 
[43]

Imaging (PET) Prediction of 
phenoconversion

Dopaminergic damage patterns predicted conversion timing with 
high accuracy (AUC up to 0.94).

53

Fereshtehnejad S-M 
et al., 2015 [44]

Motor, autonomic, olfaction, 
ophtalmic, cognitive, other 
(psychiatric, sleep).

Phenotyping Three PD subtypes identified. PD patients with the diffuse/malignant 
subtype (mild cognitive impairment, orthostatic hypotension and 
RBD) experienced faster progression.

53

Feuerstein S et al., 
2024 [45]

PSG (EEG) Detection of RBD DL applied to hypnodensity graphs identify iRBD with F1-score of 
0.784.

53

Gunter KM et al., 
2023 [46]

PSG (EEG, EMG, EOG) Detection of RBD Spectral vision transformer applied to PSG scalograms detected RBD 
with F1 score of 0.87 (up to 0.93 using EEG and EOG).

67

Hällqvist J et al., 2024 
[47]

Biofluids (Plasma, serum) Detection of RBD A blood-based multiplex mass identified PD patients and 79% of pre- 
motor iRBD individuals up to 7 years before motor symptoms onset.

53

Hansen IH et al., 2013 
[48]

PSG (EEG) Detection of RBD Detection of RBD from PSG EEG with up to 90% sensitivity and 
specificity.

46

Huang B et al., 2023 
[49]

Biofluids (stool) Detection of RBD Gut microbiota detects RBD with AUC of 0.75. 57

(continued on next page)
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Table 1 (continued )

Study Input data Aim of ML/DL model Main findings Overall 
score

Illner V et al., 2024 
[50]

Voice Detection of RBD Analysis of just 18 min of smartphone-recorded speech can screen for 
iRBD with AUC of 0.85.

56

Jeancolas L et al., 
2022 [51]

Voice Detection of RBD Automated voice analysis detected early Parkinson's with 89% 
accuracy in males and 70% in females, and identified iRBD with up to 
70% accuracy.

47

Jeong E et al., 2024 
[52]

Electrophysiological signals (Resting 
state EEG)

Prediction of 
phenoconversion

Baseline EEG features predicted phenoconversion in iRBD with 0.775 
concordance for time and 0.901 AUC for subtype (EEG slowing key 
predictor).

64

Jiang et al., 2020 [53] Biofluids (serum) Detection of RBD RBD detected with AUC of 0.81 when considering exosomal 
α-synuclein combined with clusterin.

55

Kempfner J et al., 
2013 [54]

PSG (EMG) Detection of RBD High REM muscle activity in iRBD was accurately detected using 
outlier detection, leading to 100% accuracy for RBD detection.

47

Kempfner J et al., 
2010 [55]

PSG (EMG) Detection of RBD Detection of RBD in patients with PD with 100% sensitivity and 
specificity.

46

Kempfner J et al., 
2014 [56]

PSG (EMG, EOG) Detection of RBD Using EMG and EOG data, iRBD patients detected with an AUC of 
0.993. EOG signals were more effective than EMG.

59

Kempfner J et al., 
2014 [57]

PSG (EEG, EOG, EMG) Detection of RBD Using EEG and EOG to identify REM sleep and EMG to measure 
muscle activity as outliers, patients with iRBD identified with 100% 
accuracy.

56

Kim H et al., 2023 
[58]

Electrophysiological signals (Event- 
related potential EEG)

Detection of RBD 3D spatiotemporal brain activity during attention task distinguished 
iRBD from controls with 99.8% accuracy.

44

Kim H et al., 2023 
[59]

Electrophysiological signals (Event- 
related potential EEG)

Detection of RBD Brain activity patterns describing impaired visuospatial attention 
detected iRBD with accuracy of 90.9%.

46

Koch H et al., 2013 
[60]

PSG (EEG) Detection of RBD Data-driven sleep EEG model distinguished iRBD and Parkinson's 
patients from controls, achieving 95% sensitivity and 80% specificity.

43

Laguna A et al., 2021 
[61]

Biofluids (serum) Prediction of 
phenoconversion

Nuclear magnetic resonance spectroscopy (for analysis of serum 
lipoprotein and glycosylation profiles) identified phenoconverters 
with AUC of 0.759.

56

Lee DA et al., 2022 
[62]

Imaging (Diffusion tensor MRI) Detection of RBD DTI data identified iRBD patients with accuracy 0.875. Conventional 
DTI measures outperformed structural connectomic profiles.

52

Levendowski DJ et al., 
2024 [63],

PSG (EEG, EMG) Other (detection of 
neurodegeneration)

Age and sleep biomarkers identified RBD and other 
neurodegenerative diseases with 75% accuracy, showing strong test- 
retest variability.

41

Li Y et al., 2024 [64] Biofluids (plasma) Detection of RBD Next-generation sequencing of extracellular vesicle-derived 
microRNAs distinguished iRBD from controls (AUC of 0.969) and 
from PD (AUC of 0.929).

47

Lo C et al., 2021 [65] Olfaction Detection of RBD 3-item Sniffin' Stick odor test combined with an RBD questionnaire 
identified iRBD patients from controls with 65% sensitivity and 100% 
specificity.

65

Mahlknecht P et al., 
2016 [66]

Olfaction Phenotyping 8-item Sniffin’ Stick odor test detects PD with AUC of 0.95. Incident 
PD cases among patients with iRBD predicted with 100% sensitivity.

55

Matsushima T et al., 
2024 [67]

Imaging (MRI) Detection of RBD Resting state functional connectivity distinguished iRBD with 
accuracy of 64.9%. Important connections involved motor, 
somatosensory, parietal, temporal cortices, thalamus, and 
cerebellum.

58

Mattioli P et al., 2023 
[68]

Imaging (PET) Prediction of 
phenoconversion

Identification of a brain glucose metabolism pattern in iRBD patients 
that predicted phenoconversion with 87% sensitivity, 72% 
specificity.

64

Mombelli S et al., 
2023 [69]

Cognition Phenotyping Identification of three distinct neuropsychological phenotypes in 
iRBD patients.

49

Nishiwaki H et al., 
2020 [70]

Biofluids (stool) Phenotyping Unsupervised clustering of gut microbiota revealed four enterotypes 
in controls, iRBD, and PD.

58

Ophey A et al., 2025 
[71]

Actigraphy Phenotyping Clustering analysis revealed that individuals with iRBD, higher 
physical activity and more stable circadian rhythms were associated 
with fewer non-motor symptoms and better cognitive performance.

55

Orso B et al., 2024 
[72]

Imaging (PET) Prediction of 
phenoconversion

Baseline brain PET distinguished iRBD who later phenoconverted 
with hazard ratio of 3.52.

58

Park K et al., 2024 
[73],

Electrophysiological signals (Resting 
state EEG)

Prediction of 
phenoconversion

EEG spectro-spatial patterns in iRBD patients predicted 
phenoconversion with AUC up to 0.93.

56

Possti D et al., 2024 
[74]

PSG (EMG) Detection of RBD In-home detection of RBD with portable system and semi-automatic 
EMG analysis (83% sensitivity and 79% specificity).

42

Pyatigorskaya N et al., 
2017 [75]

Imaging (MRI) Detection of RBD iRBD exhibited significant substantia nigra damage, yielding to 
accuracy of 92% to distinguish them from controls.

48

Raschellà F et al., 
2023 [76]

Actigraphy Detection of RBD Wrist actigraphy detected RBD in PD patients, achieving up to 100% 
accuracy in 2-week home recordings.

49

Rechichi I et al., 2021 
[77]

PSG (EMG) Detection of RBD Automated method to detect REM sleep without atonia, achieving 
87% accuracy to detect RBD.

68

Rusz J et al., 2016 
[78]

Voice Detection of RBD Combination of four speech measures achieved 96% sensitivity and 
79% specificity in distinguishing RBD from controls.

40

Rusz J et al., 2018 
[79]

Voice Detection of RBD Smartphone-recorded speech distinguished iRBD from controls with 
AUC of 0.69.

47

Ryoo HG et al., 2022 
[80]

Imaging (PET) Phenotyping Deep learning-based cognitive dysfunction score derived from PET 
scans effectively distinguished iRBD patients with MCI from those 
without (AUC = 0.70).

68

(continued on next page)
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(maximum of 12 points), and 6) reproducibility (maximum of 20 
points). Depending on the overall score, studies were categorized into 
the following pre-defined categories [16]: very low quality (overall 
score: 0-19), low quality (overall score: 20-39), moderate quality 
(overall score: 40-59), high quality (overall score: 60-79), and very high 
quality (overall score: 80-100). For sake of completeness, the 
APPRAISE-AI tool is reported in Table S3 in the Supplemental Material.

In order to reduce inter-rater variability, three studies were 
randomly selected for the three leading authors (ABK, IR, MC) to 
perform both the extraction of general study characteristics and evalu
ation according to the APPRAISE-AI tool. This process allowed the au
thors to detect discrepancies in the interpretation of both general 
characteristics data extraction and the APPRAISE-AI tool. Initial inter- 
rater agreement appeared moderate (Fleiss' kappa: 0.43, average pair
wise Cohen's kappa: 0.49); the discrepancies were discussed and clari
fied in a structured calibration round to harmonize interpretation 
criteria. Following this consultation, agreement was reached and 
improved substantially (Fleiss' kappa: 0.89, average pairwise Cohen's 
kappa: 0.94). After the calibration round each remaining study was 
appraised by only one of the three leading authors. None of the leading 
authors assessed the reporting quality of their own studies, thus ensuring 
fairness in the evaluation.

2.6. Data synthesis

2.6.1. General study characteristics
To determine whether there was an increase in the number of pub

lications over the years, we calculated the distribution studies over time. 
With regard to countries, we calculated the frequency and relative 
percentage of each of them. To facilitate the description of the study 

populations size, we defined the following categories: patients with 
iRBD, patients with RBD (not otherwise specified whether primary or 
secondary) patients with PD and RBD, patients with PD (either without 
RBD or unspecified), patients with other synucleinopathies or neuro
degenerative disease (either with RBD, without RBD or unspecified), 
and controls (including both healthy individuals and those with other 
disorders, except from neurodegenerative diseases). For each study, the 
sample size of each group was categorized into the following bins: 1-20, 
21-50, 51-100, >100. The frequency and respective percentage of the 
group sizes across all studies were then obtained.

Regarding ML/DL models, the following information was synthe
sized: aims, types of algorithms/architectures and input data used by the 
models. To facilitate the description of the aims, the following aim 
categories were defined: detection of RBD, prediction of pheno
conversion, phenotyping, or other. The frequency and relative per
centage of each category was calculated. Additionally, we reported the 
frequency and percentage of different ML/DL algorithms and architec
tures employed in the studies. Finally, the input data were grouped 
according to the following classes: data from PSG (with further specifi
cation on the biosignals analysed), actigraphy, imaging data (with 
further specification on the imaging modality), other electrophysiolog
ical signals other than PSG, other biomarkers (with further sub- 
categorization into motor, cognition, olfaction, autonomic, 
ophthalmic, and biofluids), and others. The frequency and relative 
percentages of each class across the studies were derived. In this review, 
we did not aim to provide a data synthesis of the main findings of each 
study.

2.6.2. Quality of AI reporting
Distribution of the overall APPRAISE-AI score was used to evaluate 

Table 1 (continued )

Study Input data Aim of ML/DL model Main findings Overall 
score

Saeda S et al., 2024 
[81]

Electrophysiological signals (ECG) Detection of RBD Heart rate variability during supine rest that accurately distinguished 
iRBD patients with orthostatic hypotension from those without (81% 
accuracy and 100% sensitivity).

42

Salsone M et al., 2022 
[82]

PSG (ECG) Detection of RBD 24-h heart rate variability identified patients with iRBD with up to 
94% accuracy, 95% sensitivity, and 92% specificity.

54

Salsone M et al., 2024 
[83]

PSG (ECG) Phenotyping Distinction of patients with iRBD with and without PLMS using heart 
rate variability data (86% accuracy, 96% sensitivity, and 74% 
specificity)

54

Seger A et al., 2023 
[84]

Other (sleep questionnaires) Detection of RBD Questionnaire-based algorithm identifying iRBD with over 80% 
accuracy, reducing unnecessary PSGs by nearly 70% while detecting 
81% of iRBD cases.

51

Shin Y-W et al., 2025 
[85]

Motor, cognition, autonomic, other 
(demographic, medication, clinical 
history)

Prediction of 
phenoconversion

Model to predict time and type of phenoconversion in iRBD with 
clinical data. Time predicted with concordance index of 0.823 and 
subtype prediction with Matthews correlation coefficient of 0.697.

56

Soto M et al., 2022 
[86]

Imaging (DaT-SPECT) Detection of RBD Specific serum microRNA biosignatures deregulated across the 
progression of iRBD disorder and detect iRBD, PD and DLB with AUC 
of 0.980.

56

Tripathi S et al., 2023 
[87]

Imaging (PET) Prediction of 
phenoconversion

Self-supervised learning approach using a novel hemisphere 
dissimilarity loss predicts phenoconversion with AUC of 0.720.

40

Urtnasan E et al., 
2021 [88]

PSG (ECG) Detection of RBD Deep convolutional neural network applied to ECG detected RBD with 
95% F1-score.

45

Vaish A, 2024 [89] Voice Detection of RBD Detection of RBD from voice recordings with accuracy of 70% (vs 
controls) and 55% (vs PD patients)

42

Valappil RA et al., 
2010 [90]

PSG (ECG) Detection of RBD Heart rate variability in wakefulness discriminated RBD from controls 
with 95.5% accuracy.

41

van Veen et al., 2022 
[91]

Imaging (PET) Prediction of 
phenoconversion

GMLVQ applied to PET predicted phenoconversion, with progression 
velocity in GMLVQ space correlating significantly with motor 
symptom changes (Spearman's rho = 0.62).

49

Yang Y et al., 2021 
[92]

Imaging (diffusion weighted MRI) Detection of RBD Connectome-wide association analysis of diffusion MRI data detected 
RBD from controls with accuracy of 83.3%.

56

AUC: area under the curve; DaT: dopamine transporter; DL: deep learning; DLB: dementia with Lewy bodies; DTI: diffusion tensor imaging; ECG: electrocardiography; 
EEG: electroencephalography; EMG: electromyography; EOG: electrooculography; GMLVQ: Generalized Matrix Learning Vector Quantization; GPe: globus pallidus 
externa; GPi: globus pallidus interna; HC: healthy controls; ICD: International Classification of Disorders; iRBD: isolated RBD; MCI: mild cognitive impairment; ML: 
machine learning; MRI: magnetic resonance imaging; PD: Parkinson's disease; PET: positron emission tomography; PLMD: periodic leg movement disorder; PLMS: 
periodic leg movements in sleep; PSG: polysomnography; RBD: REM sleep behavior disorder; REM: rapid eye movement; RNA: ribonucleic acid; SNc: substantia nigra 
pars compacta; SPECT: Single-Photon Emission Computed Tomography; VTA: ventral tegmental area.
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the overall quality of AI reporting for the studies included. To provide a 
more detailed analysis and to allow comparison of scores across items 
and domains, we normalized the scores, by calculating the percentage of 
the maximum possible score for each item and domain. To visualize the 
distribution across item scores, we used bar plots highlighting the mean 
with error bars indicating the standard error of the mean.

3. Results

The search yielded in 2025 unique records. Of these, 237 were 
assessed for eligibility, and 75 were ultimately included in this scoping 
review. Fig. 1 reports the detailed PRISMA-ScR diagram. Table 1 sum
marizes the studies included, reporting input data, aim of the ML/DL 
model, main study findings and the overall score according to the 

Fig. 2. Distribution of number of publications per year.

Fig. 3. Distribution of population by country in the included studies.
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APPRAISE-AI tool. Table S4 in the Supplemental Material reports the 
PRISMA-ScR checklist. The next sections describe in detail our findings.

3.1. General study characteristics

Table S5 in the Supplemental Material reports detailed information 
on the general study characteristics of each of the included studies. Fig. 2
shows the distribution of the number of studies over the years, which 
reflects a clear trend towards an increase over time.

The studies included in this review were conducted across a broad 
international landscape and study participants were recruited from 
medical centers across multiple countries, with Europe and North 
America contributing the majority of studies. The countries that were 
most represented are Italy (22.7%), Denmark (17.3%), the United 
Kingdom (14.7%), United States of America (13.3%), and Germany/ 
South Korea (12% each). Additional contributions came from Canada, 
France, Japan, the Czech Republic, and Spain. Fig. 3 displays the dis
tribution of population under study by country.

The sample sizes and composition of patient and control cohorts 
across the included studies are shown in Fig. 4. As appreciable, sample 
sizes varied widely, ranging from small-scale observational studies to 
larger studies, with sample sizes overcoming 100 participants, though 
these were the minority. As regards cohorts of patients with iRBD, the 
majority of studies (32%) included a sample size in the range 21–50, 
followed by 24% of studies reporting cohorts of 51–100 subjects.

Regarding the primary aims of the ML/DL models, we found that the 
majority of studies (73.3%) focus on RBD detection, highlighting the 
efforts directed toward the development of automated diagnostic tools. 
A smaller but growing proportion of studies (16%) addressed the pre
diction of phenoconversion, often relying on longitudinal and retro
spective datasets to identify individuals at higher risk of developing 
overt alpha-synucleinopathies. Only a few studies (9.3%) explored 
phenotyping, with a variety of aims, including identification of clinically 
relevant subgroups. Table S6 in the Supplemental Material summarizes 

this information.
To address these aims, various ML and DL algorithms and architec

tures were adopted across the studies, reflecting choices based on 
dataset size and study objectives. Traditional (or “classical”) ML ap
proaches (logistic regression, random forest, and support vector ma
chines) were adopted in more than half of the studies, often for their 
relative interpretability and the adoption of hand-engineered features, 
which was considered a key factor for clinical applications. DL ap
proaches – such as convolutional or recurrent neural networks, and long 
short-term memory networks – were adopted in 12% of studies. A subset 
of studies (8%) employed survival models, particularly in the context of 
predicting phenoconversion. Ensemble or hybrid models were also 
explored, often with the aim of improving classification robustness. Out 
of the algorithms employed in the included studies, only a minority 
(11.9%) were unsupervised, while the remaining were supervised. A 
summary of the algorithms and architectures employed in the included 
studies is displayed in Supplementary Table S7.

We also synthesized data related to the input data types across the 
included studies. Given the multimodal nature of sleep and neurological 
assessments, input data varied widely across studies, as displayed in 
Fig. 5. The most frequently used data sources were derived from PSG 
(36%), with electromyography being the most common (21.3%), fol
lowed by EEG (16%), electrooculography (12%), and electrocardiog
raphy (ECG) (8.0%). Imaging data were also often employed (21.3%), 
with positron emission tomography being the most widely used mo
dality (8%), followed by magnetic resonance imaging (6.7%). Addi
tional electrophysiological measures, such as resting-state EEG, event- 
related potentials and heart rate-variability derived from ECG, were 
also adopted in 16% of the studies. A portion of studies employed 
actigraphy (5.3%), and voice recordings (9.3%, in some cases recorded 
directly with smartphones), reflecting the applicability of wearable and 
portable technologies. In addition, 21.3% of the studies focused on other 
biomarkers of neurodegeneration. Of these, motor markers were the 
most investigated ones (9.3%), followed by biofluids (8%), cognition 

Fig. 4. Sample size of the populations included in the studies. The cohorts are grouped into sample size ranges and categorized as iRBD, unspecified RBD, PD 
with RBD (PD + RBD), and control groups. Other synucleinopathies and neurodegenerative disorders (NDD) were less frequently represented and are therefore not 
reported in this chart. These included Dementia with Lewy bodies (DLB; n = 1 in the 21–50 range and n = 1 in the 51–100 range), multiple system atrophy (MSA; n =
1 in the 1–20 range), and generalized NDD cohorts (n = 1 in the 21–50 range, n = 3 in the 51–100 range, and n = 1 in the >100 range).
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(6.7%) and olfaction (6.7%).
Out of the studies employing PSG data as input, most of them 

(88.9%) investigated the problem of automatic RBD detection. The 
performance of the proposed ML/DL algorithms are promising, with 
accuracy often reaching over 80%. Sample sizes, however, were gener
ally relatively small, with only 22.2% of these studies including iRBD 
cohorts with more than 50 patients and 7.4% of studies including more 
than 50 PD patients with RBD. Imaging studies, on the other hand, had a 
wider variety of aims: in half of them, ML/DL algorithms were employed 
for detecting RBD, while prediction of phenoconversion was the aim in 
37.5% of the studies. Their performance for RBD detection was similar 
to the models using PSG data (accuracy >80%). Performance for pre
diction of phenoconversion could not be easily compared between the 
studies, due to the variety of performance measures employed. Inter
estingly, ML/DL models using imaging data as input had generally larger 
cohorts, with 62.5% of the studies having iRBD cohorts with over 50 

patients. Most of the studies analyzing actigraphy and voice (90.9%) 
aimed to detect RBD, with good performance metrics (accuracy >70%), 
but the cohorts were generally small (only 18.2% of the studies included 
over 50 patients with iRBD). Studies that used motor, cognition, olfac
tion, autonomic, ophthalmic, and biofluids biomarkers as input data of 
ML/DL models mainly aimed to detect RBD (57.1%). Nevertheless, these 
biomarkers were also employed in 28.6% of these studies to investigate 
new patient phenotypes. Sample sizes were generally large, with 85.7% 
of the studies having iRBD cohorts with over 50 patients.

3.2. Quality of AI reporting

Table S8 in the Supplemental Material reports the scores of the 
APPRAISE-AI tool for each item. Of the studies included, 80 % have a 
moderate overall score and 20 % have a high overall score (Table 1).

A more detailed overview of the quality of AI reporting as assessed 

Fig. 5. Distribution of input data types in the included studies. Please note that multiple data types are possible for each included study. For reference: DaT: 
Dopamine transporter; ECG: electrocardiography; EEG: electroencephalography; EHR: electronic health record; EMG: electromyography; EOG: electrooculography; 
ERP: event-related potential; HRV: heart rate variability; MRI: magnetic resonance imaging; PD: Parkinson's disease; PET: positron emission tomography; PSG: 
polysomnography.

A. Brink-Kjaer et al.                                                                                                                                                                                                                            Sleep Medicine Reviews 88 (2026) 102299 

9 



Fig. 6. Normalized score of the APPRAISE-AI items, domains, and overall score. Each bar represent the means across the included studies and error bars indicate 
the standard error of the mean.

Fig. 7. Association between reported sample size and total APPRAISE-AI total score. Correlation was computed as the Spearman's correlation coefficient and 
visualized using a log-scale for the sample size.
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using the APPRAISE-AI is visualized in Fig. 6, which displays normalized 
scores of each item, domain, and overall score. The total APPRAISE-AI 
score was correlated with the reported sample size (r = 0.37, p =
0.0013) as visualized in Fig. 7. The domains with the highest normalized 
scores are reporting quality (72.8 ± 2.0%) and clinical relevance (70.3 
± 3.2%). The single items with the highest scores were the definition of 
the ground truth (99.6 ± 0.4%), the description of the cohort charac
teristics (88.3 ± 2.2%), and considerations about implementation in 
clinical practice (80.0 ± 4.6%). The domains with the lowest average 
normalized values were related to the robustness of the results (34.2 ±
1.6%) and the reproducibility (32.5 ± 1.2%). The single items with the 
lowest average normalized scores were error analysis (0.66 ± 0.66%), 
hyperparameter tuning (17.1 ± 2.8%), transparency (23.3 ± 1.0%), bias 
assessment (26.9 ± 2.8%), and model evaluation (41.9 ± 2.0%). One 
noteworthy finding of the APPRAISE-AI assessment was the frequency of 
data leakage (a subquestion of the data splitting item), which we found 
to be present in 32 % of the included studies. This finding was present 
across ML modeling types ranging from logistic regression, through 
Random Forest, to deep learning methods (see Fig. S1).

4. Discussion

In this scoping review, we provided an overview of studies where 
ML/DL models were applied to the field of RBD research, whether for 
detection, phenotyping or prognostication. Seventy-five studies were 
included, showing a tendency of increase in the past years. Studies 
originated mainly from Europe and North America and included mostly 
cohorts of medium size (i.e., up to 100 subjects). Traditional ML algo
rithms were primarily used, with PSG serving as the primary input 
modality for most models, and detection of RBD being the primary aim. 
Concerning methodological and reporting quality evaluated with the 
APPRAISE-AI tool, most of the studies showed overall moderate quality. 
The overall quality of reporting was correlated to the study's sample size, 
thereby, pointing to a higher quality for larger studies. Generally, the 
studies showed high scores in domains of reporting quality and clinical 
relevance, but lower scores on robustness of results and reproducibility.

The increase of ML/DL publications in the field of RBD research 
mirrors what is seen in other fields of medicine [93], highlighting the 
increasing use of AI in clinical research across specialties. Noteworthy, 
most of the research carried out on RBD originates from Europe and 
North America, which likely introduce a regional bias and does not 
guarantee generalization to other world regions. Most of the included 
works employed classical ML algorithms and only a minority investi
gated DL approaches. This is probably due to the small-middle sample 
sizes of the cohorts that were included in the studies, as DL architectures 
generally need larger numbers for efficient training.

Interestingly, most of the included studies focused on RBD detection 
and employed PSG data as input. This reflects the need for faster and 
more objective tools to support physicians in the diagnostic process in 
the sleep lab. The classification performance of these algorithms are 
consistently over 80% in accuracy, despite a variety of models, bio
signals and features being employed. Notably none of these algorithms 
was tested on a general sleep lab population, reflecting true RBD prev
alence [94]. Although assessed only in a limited number of studies, 
ML/DL algorithms show potential when applied to actigraphy and voice 
signals for RBD screening, though no study on the general population 
has been carried out so far. Interestingly, no detection study investigated 
multimodal integration of different objective modalities. A minority of 
ML/DL models aimed at predicting phenoconversion in patients with 
iRBD, with most of them employing imaging data as input. Whether 
imaging data represents the optimal prognostic biomarker remains 

uncertain, due to the scarcity of comparative studies across different 
modalities. It is noteworthy that imaging studies were generally large 
and multicentric, indicating the promise of this modality combined with 
ML/DL models for prognosis. Only few studies focused on identification 
of phenotypes of RBD and this is reflected by the small number of studies 
using unsupervised learning. Finally, it is worth noticing that none of the 
AI algorithms proposed in the studies included in this review is currently 
available for clinical applications.

Regarding AI methodological and reporting quality, high scores were 
found in the domains of clinical relevance and reporting quality (which 
covers the items of description of cohort characteristics, critical analysis, 
limitations and disclosures). This indicates high attention of the studies’ 
authors towards good description of the included cohort and the possible 
implementation of the proposed models in clinical practice. The item 
“ground truth” had very high scores over all the studies due to the in
clusion criteria (only patients with PSG confirmed RBD were included). 
In this context, we would like to highlight that, although we applied 
strict inclusion criteria, this does not ensure the homogeneity of pop
ulations included in the studies reviewed. This is particularly evident 
regarding the demonstration of RWA, for which various qualitative and 
quantitative approaches were used across studies. Similarly, although 
we did not systematically investigate this aspect, the definition of con
trol populations is likely highly heterogeneous across the studies, 
limiting the generalizability of the proposed ML/DL algorithms.

One pervasive limitation across studies was the lack of transparency 
in both data and model availability. Few studies made their code or 
pretrained models publicly accessible, and details on hyperparameter 
tuning strategies were often missing or insufficiently described. This 
lack of transparency hinders replication and makes it difficult for other 
research groups to build upon existing work or benchmark new ap
proaches. Without open access to source code and datasets, the devel
opment of cumulative knowledge in the field is severely constrained.

Another critical shortcoming was the near absence of rigorous error 
analysis and bias assessments. Only a single study (1.33 %) performed 
any error analyses but only received partial score resulting in an overall 
mean of 0.66 % in this category. Moreover, just 26.9% of studies re
ported any form of bias assessment. This omission limits insight into 
when and why models fail, which is essential for improving model 
generalizability and clinical safety. Similarly, only a minority of studies 
reported model calibration, which is especially relevant in clinical set
tings where the probability of an event (e.g., phenoconversion) should 
be interpretable and actionable. Without these evaluations, progress is 
stifled, leaving future work without a solid basis for refining method
ologies and advancing the field.

The most concerning finding was the high prevalence of data 
leakage, identified in 32% of studies. This effect was present both when 
studies relied on simple ML models such as logistic regression and for 
more advanced ML and DL models. Data leakage undermines the cred
ibility of performance metrics and invalidates conclusions about model 
bias or robustness. The most common form of leakage involved feature 
selection performed across the entire dataset, including the test set. We 
also observed several cases where hyperparameter tuning was based on 
test set performance, and others where data from the same subjects were 
included in both training and testing sets. These practices artificially 
inflate reported accuracy and can create a false sense of confidence in 
model reliability. In the context of detecting iRBD and predicting phe
noconversion, such distortions are particularly problematic, as they 
obscure which algorithms or input modalities truly offer clinical utility.

Based on the findings presented in our review, we propose several 
recommendations to improve the quality, transparency, and impact of 
future AI research in the field of RBD: 
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● Open science practices should be adopted more widely, including 
detailed documentation of model development processes, sharing of 
source code, model weights, and, when possible, datasets. Large 
consortia or societies such as the International RBD Study Group [95] 
should consider collecting multi-centric benchmark datasets where 
ML/DL algorithms can be tested. In the process of acquiring these 
datasets, efforts should be made to minimize regional bias by 
including cohorts from regions beyond Europe and North America.

● Future detection studies should consider investigating populations 
that reflect the true prevalence of RBD, allowing a correct estimation 
of their sensitivity and specificity. This is particularly important for 
studies that will evaluate novel wearable, nearable and airable 
technologies.

● The potential of ML/DL in the field of RBD could be further enhanced 
through the integration of multimodal data, such as PSG and neu
roimaging. This approach has the potential not only to improve 
detection accuracy but also to enable more precise phenotyping and 
longitudinal assessment of neurodegenerative progression.

● The RBD research community should prioritize harmonizing and 
standardizing study cohorts. For research purposes, we encourage 
the use of existing open-source, automated RWA detection algo
rithms [96,97] to ensure consistent, objective quantification of RWA 
across studies. For clinical diagnostics, we strongly recommend that 
the RBD community and international sleep societies reach 
consensus on standardized measurement protocols for RWA, 
replacing the current variety of approaches so that future AI algo
rithms can be developed in conformity with them. In addition, the 
definition and selection of control cohorts should be improved and 
standardized to enhance comparability and reproducibility across 
studies.

● Studies must employ rigorous validation procedures that explicitly 
avoid data leakage, with clearly defined and separated training, 
validation, and test sets. For this purpose, we refer to published 
recommendations [98,99].

● Systematic error analysis, bias assessment, and model calibration 
should become standard components of ML/DL research in RBD. 
Authors should clearly report a comprehensive set of validation/test 
performance metrics, with explicit presentation of the trade-offs 

between sensitivity and specificity of the proposed solution. These 
practices are essential to identify model limitations, guide method
ological innovation, and build trustworthy systems that can even
tually support clinical trials and decision-making. We believe that 
editorial boards of clinical sleep medicine journals should consider 
implementing rigorous procedures to ensure improved quality of AI 
methodology and reporting, also enforcing availability of datasets. 
For example, authors should be encouraged to follow the APPRAISE- 
AI [16] or similar tools [15]. Including AI specialists on editorial 
boards may help ensure higher standards of methodological and 
reporting quality in AI research.

We believe that adherence to these recommendations will enable 
future RBD research to develop AI algorithms with improved robustness 
and quality, ultimately facilitating their integration into routine clinical 
practice.

This scoping review has some limitations. First, we explored only two 
databases for retrieval of studies, but we believe that the broad search 
terms we included prevented us from missing significant studies. Sec
ond, we employed the APPRAISE-AI tool to evaluate the quality of 
reporting of the studies, as most of them were designed for clinical de
cision support. However, the APPRAISE-AI tool is mainly designed to 
evaluate quality of reporting for classical supervised ML algorithms. We 
encountered some difficulties to answer some of the items for studies 
using DL or proposing unsupervised architectures. Each issue was solved 
through a consensus procedure between the leading authors. Further
more, the evaluation of some items of the APPRAISE-AI tool is prone to 
subjective interpretation, leading to possible biases.

5. Conclusions

This scoping review highlights both the growing interest and the 
significant methodological gaps in the application of ML and DL for 
RBD. Most studies applied ML/DL models to PSG data for RBD detection. 
Prognostic uses of MD/DL models primarily involved imaging data, 
while their application to actigraphy and voice recordings suggests 
promising potential for screening. Overall methodological and reporting 
quality - as assessed by the APPRAISE-AI tool - was only moderate for 

Practice points
• Over the last years, there was an increasing number of applications of ML/DL in the field of RBD research, though cohort sizes were generally 

relatively small.
• Most available studies focus on detecting RBD using classical ML approaches with PSG data, while prognostic applications of ML/DL models 

rely primarily on imaging data. The use of ML/DL algorithms to analyze actigraphy and voice recordings shows promise as a non-invasive 
screening approach.

• According to the APPRAISE-AI tool, 80% of the study showed overall moderate methodological and reporting quality.
• Studies had higher scores in the domains of quality of reporting and clinical relevance, but lower scores on reproducibility and robustness of 

results.

Research agenda
• Investigate ML/DL models in several types of input data derived from multi-centric cohorts.
• Validate the models on larger and homogenized populations that reflect the true prevalence of RBD.
• Increase the quality of reporting of AI research in RBD, with a particular focus on enhancing transparency and reproducibility.
• Require authors to utilize tools such as APPRAISE-AI as a condition for submitting manuscripts with ML/DL analyses to clinical sleep medicine 

journals.
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most studies, with key deficiencies in transparency, reproducibility, bias 
assessment, and error analysis. Notably, data leakage was present in 
nearly a third of studies, undermining model credibility and trans
lational potential.

These limitations restrict the clinical applicability of current models 
and hinder collaborative progress in the field. Without transparency in 
data and code availability, it is nearly impossible for research groups to 
replicate findings or incrementally improve existing models. To move 
toward robust, generalizable, and clinically useful AI tools, future 
studies must adopt open science practices, implement rigorous valida
tion protocols, and follow structured reporting guidelines such as 
APPRAISE-AI. Furthermore, future studies should validate detection 
models in larger populations that reflect the true prevalence of RBD, 
integrate data collected with various modalities, use harmonized pro
tocols for cohort definitions and investigate further the role of AI in 
prognostication.

Raising the standards of AI research in RBD will require coordinated 
efforts from the research community, editorial boards, and clinical so
cieties. Such efforts are essential to ensure that promising innovations 
can mature into reliable tools for diagnosis, risk prediction, and 
personalized clinical care. 
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[35] Cesari M, Ruzicka L, Högl B, Ibrahim A, Holzknecht E, Heidbreder A, et al. 
Improved automatic identification of isolated rapid eye movement sleep behavior 
disorder with a 3D time-of-flight camera. Eur J Neurol 2023;30:2206–14. https:// 
doi.org/10.1111/ene.15822.

[36] Chahine LM, Ratner D, Palmquist A, Dholakia G, Newman AB, Boyce RD, et al. 
REM sleep behavior disorder diagnostic code accuracy and implications in the real- 
world setting. Neurol, Clin Pract 2025;15:e200387. https://doi.org/10.1212/ 
CPJ.0000000000200387.

[37] Christensen JAE, Koch H, Frandsen R, Kempfner J, Arvastson L, Christensen SR, 
et al. Classification of iRBD and Parkinson's disease patients based on eye 
movements during sleep. Annu Int Conf IEEE Eng Med Biol Soc 2013;2013:441–4. 
https://doi.org/10.1109/EMBC.2013.6609531.

[38] Christensen JAE, Zoetmulder M, Koch H, Frandsen R, Arvastson L, Christensen SR, 
et al. Data-driven modeling of sleep EEG and EOG reveals characteristics indicative 
of pre-parkinson’s and Parkinson's disease. J Neurosci Methods 2014;235:262–76. 
https://doi.org/10.1016/j.jneumeth.2014.07.014.

[39] Cochen De Cock V, Dotov D, Lacombe S, Picot MC, Galtier F, Driss V, et al. 
Classifying idiopathic rapid eye movement sleep behavior disorder, controls, and 
mild parkinson's disease using gait parameters. Mov Disord 2022;37:842–6. 
https://doi.org/10.1002/mds.28894.

[40] Cooray N, Andreotti F, Lo C, Symmonds M, Hu MTM, De Vos M. Detection of REM 
sleep behaviour disorder by automated polysomnography analysis. Clin 
Neurophysiol 2019;130:505–14. https://doi.org/10.1016/j.clinph.2019.01.011.

[41] Cooray N, Andreotti F, Lo C, Symmonds M, Hu MTM, De Vos M. Proof of concept: 
screening for REM sleep behaviour disorder with a minimal set of sensors. Clin 
Neurophysiol 2021;132:904–13. https://doi.org/10.1016/j.clinph.2021.01.009.

[42] Cooray N, Andreotti F, Lo C, Symmonds M, Hu MTM, De Vos M. Automating the 
detection of REM sleep behaviour disorder. 2018 40th annual international 
conference of the IEEE engineering in medicine and biology society. EMBC); 2018. 
p. 1460–3. https://doi.org/10.1109/EMBC.2018.8512539.

[43] Feng S, Ge J, Zhao S, Xu Q, Lin H, Li X, et al. Dopaminergic damage pattern 
predicts phenoconversion time in isolated rapid eye movement sleep behavior 
disorder. Eur J Nucl Med Mol Imag 2023;51:159–67. https://doi.org/10.1007/ 
s00259-023-06402-1.

[44] Fereshtehnejad S-M, Romenets SR, Anang JBM, Latreille V, Gagnon J-F, 
Postuma RB. New clinical subtypes of parkinson disease and their longitudinal 
progression: a prospective cohort comparison with other phenotypes. JAMA Neurol 
2015;72:863–73. https://doi.org/10.1001/jamaneurol.2015.0703.

[45] Feuerstein S, Stefani A, Angerbauer R, Egger K, Ibrahim A, Holzknecht E, et al. 
Sleep structure discriminates patients with isolated REM sleep behavior disorder: a 
deep learning approach. 2024 46th annual international conference of the. IEEE 
Engineering in Medicine and Biology Society (EMBC); 2024. p. 1–4. https://doi. 
org/10.1109/EMBC53108.2024.10782600.

[46] Gunter KM, Brink-Kjaer A, Mignot E, Sorensen HBD, During E, Jennum P. SViT: a 
spectral vision transformer for the detection of REM sleep behavior disorder. IEEE J 
Biomed Health Inform 2023;27:4285–92. https://doi.org/10.1109/ 
JBHI.2023.3292231.

[47] Hällqvist J, Bartl M, Dakna M, Schade S, Garagnani P, Bacalini M-G, et al. Plasma 
proteomics identify biomarkers predicting Parkinson's disease up to 7 years before 
symptom onset. Nat Commun 2024;15:4759. https://doi.org/10.1038/s41467- 
024-48961-3.

[48] Hansen IH, Marcussen M, Christensen JAE, Jennum P, Sorensen HBD. Detection of 
a sleep disorder predicting Parkinson's disease. Annu Int Conf IEEE Eng Med Biol 
Soc 2013;2013:5793–6. https://doi.org/10.1109/EMBC.2013.6610868.

[49] Huang B, Chau SWH, Liu Y, Chan JWY, Wang J, Ma SL, et al. Gut microbiome 
dysbiosis across early Parkinson's disease, REM sleep behavior disorder and their 
first-degree relatives. Nat Commun 2023;14:2501. https://doi.org/10.1038/ 
s41467-023-38248-4.

[50] Illner V, Novotný M, Kouba T, Tykalová T, Šimek M, Sovka P, et al. Smartphone 
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