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Abstract 

 

Objective: Parkinson’s disease (PD) is one of the rare diseases for which sleep alteration is a 

true marker of disease outcome. Yet, how the association between sleep and PD emerges over 

the healthy lifetime is not established. We examined association between polygenic risk score 

(PRS) for PD and the variability in the electrophysiology of Rapid Eye Movement (REM) 

sleep in 345 younger (18-31y) and 85 older (50-69y) healthy individuals.  

Methods: In this prospective cross-sectional study, in-lab EEG recordings of sleep were 

recorded to extract REM sleep metrics. PRS was computed using SBayesR approach. 

Results: Generalized Additive Model for Location, Scale and Shape (GAMLSS) analysis 

showed significant association of REM duration (pcorr=0.002) and theta energy in REM 

(pcorr=0.0002) with PRS for PD in interaction with age group. In the younger sub-sample, 

REM duration and theta energy were positively associated with PD PRS. In contrast, in the 

older sub-sample, the same associations were negative (though only qualitatively for REM 

theta energy) and may differ between men and women. 

Interpretation: REM sleep is associated with the PRS for PD in early adulthood, 2 to 5 

decades prior to typical symptoms onset. The association switches from positive in younger 

individuals, presumably free of alpha-synuclein, to negative in older individuals, possibly 

because of the progressive presence of alpha-synuclein aggregates or of the repeated 

increased oxidative metabolism imposed by REM sleep. Our findings may unravel core 

associations between PD and sleep and may contribute to novel intervention targets to 

prevent or delay PD. 

 

Keywords: Parkinson’s disease, REM sleep, Polygenic risk score, sleep quality, SBayesR, 

GAMLSS 
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Parkinson’s disease (PD) is the second most prevalent neurodegenerative disorder. The global 

burden of PD has surged from 2.5 million people in the 1990s to 8.5 million today, a trend 

expected to continue in the next decades1. The incidence of PD increases with age and is 

higher in men than women2. PD is characterized by a heterogeneous pathology, with 

significant variations in clinical manifestations - with both motor and non-motor symptoms 

and signs, including during sleep - as well as in disease progression, and responses to 

treatment2, 3. The neuropathological hallmark of PD consists of conspicuous lesions in the 

substantia nigra (SN), a major dopaminergic nucleus forming the nigrostriatal pathway4, in 

the form of intracellular inclusions of α-synuclein known as Lewy bodies, accumulation of 

neuromelanin and iron and neuronal loss. 

Currently, PD remains a clinical diagnosis, as no laboratory or neuroimaging 

biomarkers can definitively confirm the disease. Existing pharmacological treatments 

primarily address motor symptoms without halting the underlying neurodegenerative 

processes5. The challenge in developing neuroprotective therapies is compounded by the 

extensive neurodegeneration present by the time motor symptoms and PD diagnosis occur. 

Therefore, early identification of presymptomatic PD, or of high risk for PD, is a critical 

medical need to develop effective neuroprotective strategies, delay or prevent the 

symptomatic stage of the disease. 

Excessive daytime sleepiness significantly increases the risk of developing PD6. 

Critically, virtually all individuals with idiopathic REM sleep behavior disorder (RBD)—

characterized by loss of normal atonia and vigorous movements during REM sleep—progress 

to PD or cognitive impairment within 10-15 years, making RBD a prominent sleep-related 

risk factor for PD6. The progressive disruption of REM/NREM sleep transitions in idiopathic 

RBD and PD likely reflects the early involvement of subcortical regions, such as the locus 

coeruleus (LC)6-8. The literature highlights a bidirectional detrimental relationship between 

sleep alterations and neurodegeneration, including in PD9. The recently identified glymphatic 

system, which is proposed to be active during sleep and suppressed by LC noradrenaline, 

appears crucial for α-synuclein clearance as its dysfunction seem to exacerbate α-synuclein 

accumulation6, 10. Sleep alterations, in REM sleep, may therefore not only provide early 

means to assess the risk for developing PD but may also provide novel intervention targets 

(as one can act on sleep). However, which key features of sleep should be monitored is not 

established.  

Although monogenic forms account for 3-5% of PD cases, recent genome-wide 

association studies (GWAS) indicate that idiopathic sporadic PD is highly polygenic11, 12. 

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted February 6, 2025. ; https://doi.org/10.1101/2025.02.05.636657doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.05.636657
http://creativecommons.org/licenses/by/4.0/


4 

 

Ninety genetic risk variants collectively account for 16-36% of the heritable risk of non-

monogenic PD3. Consistent with the common disease-common variant hypothesis, PD 

genetic risk results from the synergistic effect of numerous common low-risk variants – in 

addition to environmental influences. Polygenic risk scores (PRS), derived from GWAS, hold 

promise for predicting and stratifying PD risk in asymptomatic individuals, and already 

provide a critical tool to investigate the neurobiology of the disease in individuals of any age, 

i.e. prior to PD hallmarks can be detected and free from disease co-morbidity12. 

In this cross-sectional study, we aimed to investigate the relationship between 

Polygenic Risk Scores (PRS) for PD and REM sleep metrics in early and late healthy 

adulthood. We analysed key REM sleep characteristics related to PD pathophysiology, 

including metrics associated with REM sleep duration, intensity and continuity13. Although 

the literature on the associations between sleep metrics and PD PRS are scarce, based on the 

age-related changes in brain integrity we anticipate that associations would be different in the 

two age groups. 

 

Results 

In the present study, we recorded the habitual night time sleep of 430 healthy individuals 

under EEG (Table 1), in two sub-sample of younger -18 to 31y; N = 345; men only- and 

older -50 to 69y; N=85; 58 women- collected from two previous multi-modal cross-sectional 

projects14, 15. We quantified four REM sleep metrics based on their potential association with 

PD: 1) REM duration; 2) REM latency; 3) number of arousals during REM sleep, to 

characterise sleep continuity16; 4) theta energy, i.e. the cumulated theta power during REM 

sleep, associated with REMS intensity over its most typical oscillatory activity16. By a priori 

selecting variables of interest, we reduced the multiple comparison burden. We further used 

the summary statistics of one of the largest PD-GWAS available to date (N = 482,730)17 to 

compute individual PRS for PD in our sample – based on DNA extracted from blood samples 

- and related these to sleep EEG characteristics. The overview of the study design is provided 

in Fig. 1. 

 

Associations between REM sleep metrics and age 

We first assessed the association between age and REM sleep metrics of interests through 

Spearman’s correlation (Fig. 2). We observed the expected negative significant associations 

for REM duration (r= -0.21, p=7.6e-06), theta energy in REM (r= -0.34, p=9.5e-13) and 
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REM latency (r= -0.22, p=5.7e-06)18, 19. REM arousal (r= -0.085, p=0.078) only reached 

statistical trend for a negative association with age which contrasts with previous reports 

suggesting significant increase in arousal index18, 19.  

 

Associations between polygenic risk for PD with REM sleep duration and intensity 

Our statistical analyses consisted of a generalized additive model for location, scale and 

shape  (GAMLSS) which is a flexible distributional regression approach and is considered as 

an improvement and extension to the generalized linear models (GLM)20. Our primary 

GAMLSS regression analyses included each of the four sleep metrics of interest and PRS for 

PD with age group included as interaction variable with PRS. The GAMLSS with REM 

duration (p=.001, pcorrected=0.002) and theta energy in REM (p=.00006, pcorrected=0.0002) as 

dependent variables yielded significant interaction between PD PRS and age group after 

controlling for sex, body mass index (BMI) and total sleep time (TST) or REM duration 

(Table 2; GAMLSS also yielded main effects of REM duration and theta energy in REM, 

respectively – Fig S1 for display). REM latency and arousal in REM did not, however, reveal 

significant associations with PRS for PD (Table 2).  

To gain insight into the interactions, we split our sample into young (N=345) and old 

(N=85) sub-samples and recomputed post hoc GAMLSS in each sub-sample (see Table 1 for 

demographic and sleep metrics in each subgroup). We found that while the association was 

significantly positive in the younger subsample for REM duration (p=0.006), i.e. higher REM 

duration is related to higher PD PRS, the association was significantly negative in the older 

subsamples (p=0.02) (Table 3, Fig. 3A, B). Interestingly, when sex was included in the 

GAMLSS model including the older sub-sample, it yielded significant sex-by-PRS 

interaction (p=0.03) with negative and positive links, respectively, in men and women 

(Suppl. Table S1, Fig. 3C). These findings suggest that REM duration is associated with PD 

PRS in an age and possibly sex dependent manner (the younger sub-sample only included 

men so effect of sex could not be tested – see methods).  

 The GAMLSS per sub-group further showed that the significant association between 

REM theta energy and PRS for PD was positive in the younger sub-sample (p=0.01), i.e. 

higher REM intensity is related to higher PD risk, while, though it was negative, it was not 

significant as a main effect in the older sub-sample and only reach statistical trend values 

(p=0.07; Table 3, Fig. 3A, B). Moreover, in contrast to REM duration, including sex in the 

GAMLSS of the old sub-sample did not reveal sex or sex-by-PRS interactions (Suppl. Table 

S1, Fig. 3C). Therefore, as with REM duration, REM intensity as measured by REM theta 
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energy is associated with PD PRS in an age dependent manner with the direction of 

association changing with age. 

 

Specificity - Association with other sleep metrics  

To establish the robustness of our findings we recomputed the PRS for PD using a larger 

number of common variants. The GAMLSS using REM duration and theta energy in REM 

yielded the same statistical outputs including slightly more variants, but not many more nor 

all genetic variants (Suppl. file 1, Fig. S2) supporting the need for a narrow/specific PRS for 

PD for association to emerge. In addition, there was no association with a polygenic 

prediction of an individual physical trait with which REM sleep is not expected to be 

associated (height) showing that our results cannot be obtained with any polygenic 

computations (Suppl. file 1, Fig. S3). 

To further ascertain specificity of our findings, we considered additional sleep 

metrics: 1) REM percentage; 2) REM delta energy; 3) lower theta energy in REM (2.25-6 

Hz); 4) REM alpha energy; 5) REM sigma energy; 6) and Slow wave energy (SWE) during 

NREM sleep (see methods) (Supplementary Fig. S4). 

GAMLSS analyses over the entire sample for each of these metrics yielded significant 

age-group by PRS for PD interaction for REM sleep percentage (p<0.001) and lower theta 

energy in REM (p= 0.001) while controlling for body mass index (BMI) and total sleep time 

(TST) or REM duration (see methods) (Suppl. Table S2). These findings substantiate the 

previous results with REM duration and theta energy in REM (4-8 Hz). GAMLSS with REM 

delta energy and REM sigma energy further showed a trend in age-group by PRS analysis for 

PD PRS in the entire sample (p=0.045 and p=0.047 respectively; pcorr>0.05) (Suppl. Table 

S2), while no association was found for REM alpha energy or SWE in NREM sleep. 

GAMLSS per sub-group yielded similar findings for REM percentage and lower theta energy 

as for the primary analyses on REM duration and REM theta energy. (Suppl. file 1, Fig. S5).  

 

Discussion 

Although it is well accepted that sleep is altered in PD – with RBD almost inescapably 

predicting the future development of Parkinsonism6 - how the association between REM 

sleep and PD emerges over the lifetime is not established. Here, we find that the polygenic 

liability, or PRS, for PD is related to REM sleep metrics - mainly REM duration and theta 

energy in REM. The associations were isolated in healthy young adults aged 31 or less, i.e. 2 

to 5 decades before typical age of diagnosis, as well as in healthy late-middle aged 

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted February 6, 2025. ; https://doi.org/10.1101/2025.02.05.636657doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.05.636657
http://creativecommons.org/licenses/by/4.0/


7 

 

individuals age 50 to 69y. Higher PRS for PD was associated with longer REM sleep 

duration and more intense REM sleep, as assessed by the overnight REM theta energy, in the 

younger subsample (comprised of only men). By contrast, higher PRS for PD was correlated 

with shorter REM sleep duration, potentially specifically in men, and was qualitatively – 

though not statistically – associated with lower REM theta energy. The negative control 

analysis, using polygenic prediction of height, together with the fact that no association was 

found between PRS for PD and SWE or other frequency bands of REM sleep (except for 

delta energy), supports that the associations are stronger and/or specific to REM sleep 

duration and theta energy. These findings add to the current literature and may isolate the 

earliest and potentially core links between REM sleep and PD-related biology. Importantly 

also, our protocol establishes clear links between PD risk and measures of sleep physiology, 

in contrast to coarser phenotyping consisting of e.g. sleep questionnaires or actigraphy alone. 

 Sleep disturbances often precede by decades the onset of motor symptoms in PD21. 

Our findings suggest that these alterations may first take the form of a longer overnight REM 

sleep and of an increase in REM theta energy, which gathers the overnight power of the most 

typical oscillatory mode of REM sleep. The somewhat stronger initial manifestation of REM 

sleep could suggest that the biology of prodromal PD leads to larger capacity for REM sleep-

related processes such as memory consolidation, emotional processing, brain development, 

and/or dreaming22 in those young adults with higher PD genetic liability. The biology of 

individuals with higher PRS for PD may lead to a stronger expression of REM, inherently - 

for an equivalent brain function during wakefulness - or in response to wakeful events 

previously experienced by the young individuals. Both options could be tested by linking 

electrophysiology metrics acquired during wakefulness to PRS for PD in young adult 

individuals. One could further test whether the PRS-for-PD-dependent manifestation of REM 

sleep is associated with difference in sleep-dependent memory consolidation or emotional 

processing.  

 Our results further support that later over the lifetime, while still healthy, the same 

associations switch to a shorter REM sleep duration and a lower REM theta energy in those 

with a higher genetic liability for PD. This is in line with observations that PD patients 

present reduced REM sleep duration23. In a longitudinal study involving 2770 healthy older 

men, lower REM percentage were found to be associated with an increased risk of 

developing PD24. It does not match however the report that patients with PD-RBD may 

exhibit higher theta spectral energy during REM sleep25 and that PD patients typically show a 

sustained increase in high-theta/alpha frequencies (7.8-10.5 Hz) early in the sleep period 26.  
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The reasons for the age-related switch in these associations cannot be identified 

through our cross-sectional study. A first potential explanation may, however, be related to 

the high oxidative metabolism and catecholamine activity imposed by REM sleep27. Small 

structure of the brainstem such as the SN and LC are known to be particularly sensitive to 

oxidative insult and high cytosolic catecholamine concentration. This would be in fact the 

reason why both structures show progressive high level of neuromelanin over the lifespan as 

it is considered that neuromelanin serves to shield the cells from toxic effects of redox active 

metals, toxins, and excess of cytosolic catecholamines28. The LC is a nucleus crucial for the 

transitions between NREM and REM sleep29 while dysfunction and degeneration of 

noradrenergic neurons in the LC are linked to RBD30 and reduced arousal. The SN also 

contributes to REM regulation31 and is central to PD motor symptoms32. We speculate 

therefore that those young individuals with higher PRS which show high REM duration and 

intensity based on our data, would show a quick alteration of structures such as the SN and 

LC leading to progressive reduction in REM duration and intensity. 

A second plausible explanation, that is not mutually exclusive with the first one, is 

that the age-related switch in REM sleep – PRS association it may be due to the progressive 

accumulation of α-synuclein and Lewy bodies, which is presumably quicker in individuals 

with higher PRS for PD. The earliest brain α-synuclein deposits are observed long before the 

onset of motor symptoms in brainstem structures of the extended medulla and pons (Braak 

stage 1 and 2, 33), among which the LC. Likewise, VTA dopaminergic neurons lesion in rats 

reduced total NREM and REM sleep duration during the sleep phase34. We posit therefore 

that α-synuclein aggregates in the LC and maybe in the VTA, and in the SN, contributes to 

the association we find between REM duration and PRS for PD.  

The hippocampus is the source of ripple oscillations which are essential to the 

interplay between the limbic system, the thalamus and the cortex that contributes to memory 

consolidation35. Ripples cannot be directly detected per se on the EEG which arises mostly 

from the activity of cortical neurons, but they contribute to theta cortical oscillations in the 

cortex36. In addition, lesions of the VTA dopaminergic neurons in rats were found to lead to 

suppression of EEG theta rhythm frequency during both wakefulness and REM sleep, 

suggesting that midbrain dopaminergic neurons contribute to hippocampal theta activity37. 

The changes in theta oscillation energy could therefore arise from the putative α-synuclein 

aggregates in the hippocampus or in the VTA.  

In addition, later, when α-synuclein or neuromelanin is eventually shed in the 

extracellular space upon neuronal death, the neuroinflammation response and/or modulation 
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of glymphatic system by sleep state could further influence PD process10, 28. It is therefore 

also possible that early REM sleep alteration contribute to the neurobiology of PD and to the 

progressive increase in oxidative insults and misfolded α-synuclein burden6, 10, which would 

in turns alter sleep regulation and oscillations. 

The cross-sectional nature of our study is not its only limitation. The exclusion criteria 

for participant selection were rigorous and not common for large genetic studies. This 

guarantees however that our findings are not biased by common health issues. Our sample 

further consisted of only men in younger sub-sample, and of mainly women in older sub-

sample, so potential sex differences in aging could not be properly studied here. Our finding 

in the young may therefore not be present in women. Likewise, the apparent age-related 

switch in the association between PRS for PD and REM sleep duration and theta energy may 

only be present in men. This warrants future investigation including samples balances for 

sexes, as women present different sleep characteristics and difference in the age-related 

changes in sleep 38, 39 in addition to the fact that they are less prone to PD40.  

Although 15% of PD patients have a positive family history, and 5-10% of cases 

follow a Mendelian inheritance pattern, it has now been established that PD aetiology is 

multifactorial, and heavily depends on environmental factors, with age being the primary risk 

factor3. PRS for PD is therefore not intended for individual prediction but rather for relating 

the biology of the disease to phenotypes of interest, including in young adults (or even 

earlier). Despite ongoing development of potential neuroprotective agents such as GLP-1 

agonists, calcium channel blockers, and urate, their efficacy in modifying disease progression 

remains unproven5. We argue that the detection of early association between REM sleep and 

PD through PRS can improve the early prediction of PD risk and provide novel intervention 

targets. These sleep-based interventions could take the form of cognitive behavioral therapy, 

light therapy, LC stimulation41, or pharmacological approaches targeting dopamine or 

norepinephrine modulation42 and would need to be tested in large scale interventional studies. 

However, as PRS is a risk indicator, maybe a longitudinal study showing that REM sleep 

changes in at risk individuals are associated with onset of PD symptoms later in life would be 

a necessary validation step.  

In conclusion, our analysis involving the detailed electrophysiological phenotyping of 

a relatively large sample size of 430 healthy individuals showed that PRS for PD is related to 

REM sleep metrics, specifically its duration and theta energy. The relationship between PRS 

and sleep switches from positive to negative across younger and older groups. Our findings 

suggest that the association between PRS and quantitative REM sleep metrics in older group 
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is moderated by sex, which may be related to the sex-effects in PD prevalence2. Quantitative 

sleep measures could help in the early detection of the underlying neurodegenerative process 

leading to several neurological diseases including PD, 2 to 5 decades prior to typical 

symptom onset. The early identification of at-risk individuals for developing PD would allow 

evaluation of possible sleep targeted therapies as well as several neuroprotective agents. 

 

Methods 

Participants 

The sample for the present study comprises 465 (age: 29.64 ± 15.3 y, 56 women) healthy 

Caucasian participants recruited from the local French-speaking community as part of two 

large multi-modal cross-sectional studies comprising young (age group 1) and old 

participants (age group 2) respectively14, 15. As both studies acquired quantitative sleep 

parameters, circadian rhythmicity along with genetic data (GWAS), we used the combined 

sub-sample to assess association between sleep features and polygenic risk scores for PD. 

The study details for the two studies are as previously published14. The details in brief are 

provided in Suppl. file 1.  

The study procedures were approved by the Ethics Committee of the Faculty of Medicine 

(University of Liège, Belgium). All participants gave their written signed informed consent 

prior to their participation in the study and received financial compensation. The study was 

conducted in accordance with the World Medical Association International Code of Medical 

Ethics (Declaration of Helsinki) for experiments involving humans. 

Out of 465, 14 participants were excluded due to incomplete baseline data, 14 due to 

lack of genetic data and 7 outliers with ±5S.D resulting in a final sample of 430 participants. 

The characteristics of the final participant sub-sample are reported in Table 1. 

 

Sleep protocol, EEG acquisitions and processing 

The detailed experimental sleep protocols and EEG acquisitions are previously published14, 

15. The details in brief are provided in Suppl. file 1. The present study focuses only on the 

baseline night of sleep. 

Scoring of sleep stages was performed using a validated automatic algorithm 

(ASEEGA, PHYSIP, Paris, France) in 30-s epochs43, according to 2017 American Academy 

of Sleep Medicine criteria, version 2.4. An automatic artefact and arousal detection algorithm 

with adaptative thresholds44 was further applied and artefact and arousal periods were 
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excluded from subsequent analyses. Power spectrum was computed for each channel using a 

Fourier transform on successive 4-s bins, overlapping by 2-s, resulting in a 0.25 Hz frequency 

resolution. The night was divided into 30 min windows, from sleep onset, defined as the first 

NREM2 (N2) stage epoch, until lights-on. Averaged power was computed per 30 min bins, 

adjusting for the proportion of rejected data, and subsequently aggregated in a sum separately 

for REM and NREM sleep45. Thus we computed slow wave energy (SWE) - cumulated 

power in the delta frequency band during N2 and N3 sleep stages, an accepted measure of 

sleep need45, and similar to that we computed the cumulated theta (4-8Hz) power in REM 

sleep. We then computed the cumulated power over the remaining EEG bands, separately for 

NREM and REM sleep: alpha (8-12Hz), sigma (12-16Hz), beta (16-25Hz), theta (4-8Hz) and 

delta (0.5-4 Hz) bands. As the frontal regions are most sensitive to sleep–wake history45, we 

considered only the frontal electrodes (mean over F3, Fz, and F4), as well as to facilitate 

interpretation of future large-scale studies using headband EEG, often restricted to frontal 

electrodes.  

Our analyses focused on four sleep metrics to limit issues of multiple comparisons 

while spanning the most important aspects of REM sleep EEG: 1) REM duration; 2) REM 

latency; 3) number of arousals during REM sleep; 4) cumulated theta power during REM 

sleep. To ascertain specificity of findings we also considered 1) REM percentage, which 

reflect the overall architecture of sleep rather than only the duration of REM; other frequency 

band of the EEG during REM, i.e. 2) REM alpha energy, 3) REM sigma energy, 4) REM 

delta energy, as well as 5) lower theta energy during REM sleep (2.25-6Hz), as the definition 

of REM frequencies during REM varies across publication; and finally 6) SWE during 

NREM sleep, the dominant oscillatory mode of NREM sleep, considered to be tightly related 

to the need for sleep45. 

 

Genotyping, quality control and imputation  

The blood samples or buccal swabs were collected and stored at -20ºC within few hours until 

DNA extraction. The genotyping was performed at different time points using the Illumina 

Infinium OmniExpress-24 BeadChip arrays (Illumina, San Diego, CA) based on Human 

Build 37 (GRCh37) at Genomics platform of Liège GIGA institute. All the study participants 

were of European ancestry. Established quality control (QC) procedure was performed using 

PLINK46 (http://zzz.bwh.harvard.edu/plink/). In brief, the SNPs were excluded as follows: 

>10% missing genotypes, <95% call rate, minor allele frequency (MAF) below 0.01, out of 

Hardy-Weinberg equilibrium (p-value <10-4 for the Hardy-Weinberg test). SNPs on 23rd 
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chromosome as well as ambiguous SNPs (A-T, T-A, C-G, G-C) were excluded as well. The 

data was matched for deviation with European ancestry using 1000 Genomes Project dataset 

(1KGP, https://www.internationalgenome.org). Imputation was conducted using the Sanger 

imputation server (https://imputation.sanger.ac.uk/) based on the Haplotype Reference 

Consortium (r1.1) as reference panel and using EAGLE2 pre-phasing algorithm. The detailed 

data processing and analysis for young and older sub-sample is as described previously in 14, 

47. We finally ended with 511,729 SNPs.  

 

Polygenic risk score calculation 

Polygenic risk score (PRS) analyses can be used to assess the genetic liability of an 

individual for a phenotype by calculating the weighted sum of risk alleles effect size 

identified in genome-wide association studies. In the current study, a PRS for Parkinson’s 

disease based on summary statistics from the recent meta-analysis GWAS for Parkinson’s 

disease of European ancestry was calculated for each participant17.The standardization and 

quality control of GWAS summary statistics was performed by MungeSumstats, a 

Bioconductor R package48. In the process, the summary statistics was pruned to align 

reference alleles to build GRCh37, remove multiallelic variants, and adjust weights for the 

appropriate reference alleles. The PRS was then generated using SBayesR algorithm 

implemented in GCTB software. The approach assumes that the SNP effects are drawn from 

mixtures of distributions with the key metrics defining these genetic architectures estimated 

through Bayesian frameworks. To derive PRSs from GWAS effect estimates of SNPs, 

SBayesR essentially uses Bayesian linear mixed model and the reference linkage 

disequilibrium (LD) correlation matrix. In our analysis, we used banded LD matrix to 

improve prediction accuracy as recommended by the authors of GCTB. We used p-value 

thresholding through PLINK to include only the SNPs reaching stringent GWAS significance 

(p-value <1x10-8) to restrict the number of genetic markers to a minimum. 

 

Height as a negative control 

Based on the current available literature on sleep biology, we assumed absence of any a priori 

association between the sleep phenotypes and a genetic liability for height. Therefore, we 

conducted an analysis of polygenic scores estimated for height as a negative control, 

performing the same GAMLSS analyses as we did for liability to PD. 
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Statistical analysis 

All analysis was conducted within the R environment (version 4.1.3) (R Development Core 

Team, 2017). We employed generalized additive models for location scale and shape 

(GAMLSS)20 to individually assess the associations between four sleep metrics of interests 

(REM duration, Theta in REM, REM latency and No. of arousals in REM), as dependent 

variable, and the PRS values for PD as an independent variable. GAMLSS offers a wide 

variety of family of distributions for model fitting49 and are considered better than GLM or 

GAM approaches.  

Sleep metrics were standardized using a Z-transformation. Individual values in the 

dataset were considered outliers if >5SD from the mean and excluded from analyses. For 

fitting GAMLSS models, family was selected based on data distribution using fitDist 

function. Further, models were selected based on the goodness-of-fit values among GAMLSS 

models and based on the Q-Q plot. Sex, BMI, total sleep time (TST) or REM duration were 

included as covariates. Prior to the GAMLSS analysis, influential outliers were also screened 

using worm plot, a detrended Q-Q plot, helpful for checking model fit and comparing the fit 

of different models. Because of the exploratory nature of the hypotheses, Benjamini & 

Hochberg False Discovery Rate (FDR) correction for 4 independent tests was used to test for 

significant associations.  

We nevertheless computed a prior sensitivity analysis to get an indication of the 

minimum detectable effect size in our main analyses given our sample size. According to 

G*Power 3 (version 3.1.9.4)50 taking into account a power of .8, an error rate α of .01 

(corrected for 5 tests), a sample size of 430 allowed us to detect small effect sizes r >.20 (2-

sided; absolute values; confidence interval: .11 –.29; R² > .04,  R² confidence interval: .012 –

.084) within a linear multiple regression framework including 2 tested predictor (PRS, age) 

and 4 other covariates (sex, BMI, total sleep time (TST) or REM duration). 
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Table 1.  Characteristics for the total sample as well as young and older subgroups 

 

 
1Pearson's Chi-squared test; Welch Two Sample t-test between young and older group 
Sleep quality was assessed by the Pittsburgh Sleep Quality index (PSQI ). Daytime sleepiness was measured by 
the Epworth Sleepiness Scale , Chronotype was assessed by the Morningness-Eveningness Questionnaire 
(MEQ, ). Anxiety was estimated by the Beck Anxiety Inventory  and Mood was estimated by the 21-item Beck 
Depression Inventory II ; Total Sleep Time (TST) was extracted from polysomnography recordings. 

Characteristic All Young  

Mean (SD) 

Older  

Mean (SD) 

p-

value1 

Sample size (N) 430 345 85  

Sex (Men) 86.51% 100% 31.76% <0.001 

Age (years) 29.46 (15.11) 22.16 (2.74) 59.09 (5.26) <0.001 

BMI (kg*m-2) 22.66 (2.65) 22.13 (2.31) 24.82 (2.85) <0.001 

Anxiety b 2.60 (2.92) 2.56 (2.94) 2.78 (2.86) 0.5 

Mood b 3.26 (3.70) 2.87 (3.31) 4.85 (4.66) 0.001 

Sleep Qualitya   3.72 (2.07) 3.43 (1.72) 4.89 (2.86) <0.001 

Daytime sleepiness a  5.97 (3.62) 5.92 (3.53) 6.13 (3.98) 0.7 

Chronotype a  50.78 (8.33) 50.11 (8.32) 53.49 (7.87) <0.001 

Total Sleep Time (min) 439.69 (48.0) 451.53 (41.96) 391.65 (40.88) <0.001 

Sleep onset latency (min) 15.73 (11.20) 16.37 (11.23) 13.12 (10.74) 0.015 

REM duration (min) 115.91 (28.28) 121.50 (25.12) 93.23 (29.17) <0.001 

REM percentage (%) 26.23 (5.41) 26.87 (4.77) 23.65 (6.93) 0.001 

REM arousal (N) 24.34 (13.33) 25.94 (13.18) 17.85 (11.96) <0.001 

REM latency (min) 93.18 (43.37) 95.48 (41.53) 83.85 (49.33) <0.001 

REM delta power (0.5-4 Hz) (µV2) 65,010  

(65,051) 

71,806  

(68,206) 

37,428 

(40,005) 

<0.001 

REM theta power (4-8Hz) (µV2) 7,395 (5,196) 8,144 (5,345) 4,354 (3,039) <0.001 

REM alpha power (8.25-12Hz) 

(µV2) 

4,199 (3,283) 4,534 (3,420) 2,850 (2,202) <0.001 

REM sigma power (12.25-16 Hz) 

(µV2) 

1,231 (807) 1,329 (841) 832 (476) <0.001 

NREM Slow wave energy (µV2) 161,969 

(154,728) 

181,749 

(163,151) 

81,686 

(71,642) 

<0.001 
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Table 2. Results derived from regression analysis when testing for associations between sleep parameters and PRS values computed for 
Parkinson’s disease risk with age group as an interacting variable (N=430).  
 

Sleep parameters REMS duration REMS theta Power REMS latency REMS Arousal  
 
 Estimate p-value  

(95% CI) Estimate p-value  
(95% CI) Estimate p-value  

(95% CI) Estimate p-value  
(95% CI) 

PRS*Age group 0.01 .001 
(0.01, 0.02) 0.05 .00006 

(0.02, 0.07) -0.30 
.510  
(-1.18, 0.59) 

-0.05 
.780  
(-0.26, 0.30) 

PRS* -0.01 .005  
(-0.02, -0.00) 

-0.03 
 

.001  
(-0.05, -0.01) 

0.17 
.690 
(-0.66, 0.99) 

0.10 
.587 
(-0.27, 0.47) 

Age group 0.06 
.130 
(-0.02, 0.15) 

0.76 < .001 
(0.49, 1.04) 

4.07 
.509  
(-8.04, 16.19) 

4.04 .006  
(1.18,6.90) 

Sex 0.10 .016 
(0.02, 0.18) 

0.55 <.001 
(0.28, 0.82) 

-4.30 
.500   
(-16.79, 8.20) 

1.40 
.450  
(-2.23, 5.02) 

BMI 0.01 
.183 
(-0.00, 0.01) 

0.02 
.162 
(-0.01, 0.04) 

0.42 
.421  
(-0.61, 1.44) 

-0.15 
.267  
(-0.43, 0.12) 

TST 0.003 
< .001 
(0.00, 0.00) 

0.001 
.033 
(0.00, 0.00) 

0.06 
.017 
(0.01, 0.12) � � 

REM duration � � � � � � 0.15 
< .001  
(0.12, 0.18) 

       
     PRS: polygenic risk score; BMI: body mass index; REMS: rapid eye movement sleep 

             *PRS was computed for SNP reaching p-value threshold of 1x10-8 to restrict the number of SNPs included in the PRS estimation. 
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Table 3. Results derived from regression analysis when testing for associations between sleep parameters and PRS values computed for 
Parkinson’s disease risk in healthy younger (N=345) and older sub-sample (N=85).  
 

 Young  Older  
Sleep parameters REMS duration REMS theta energy| REMS duration REMS theta energy 
 
 Estimate p-value  

(95% CI) Estimate p-value  
(95% CI) Estimate p-value  

(95% CI) Estimate p-value  
(95% CI) 

PRS* 0.004 .006  
(0.00, 0.01) 

0.012 
 

.014  
(0.00, 0.02) 

-0.008 0.015 
(-0.01, -0.00) 

-0.019 
.069 
(-0.04, 0.00) 

Age 0.002 
.508 
(-0.00, 0.01) 

-0.042  .001 
(-0.07, -0.02) 

-0.011 .008  
(-0.02, -0.00) 

-0.039 .002 
(-0.06, -0.01) 

BMI 0.008 .047 
(0.00, 0.02) 

0.039 .009 
(0.01, 0.07) 

0.003 
.720  
(-0.00, 0.02) 

-0.015 
.536  
(-0.06, 0.03) 

TST 0.003 < .001 
(0.00, 0.00) 

0.001 
.402 
(-0.00, 0.00) 

0.003 <.001  
(0.00, 0.00) 

0.004 
.036 
(0.00,0.01) 

Sex^ � � � � 0.077 
.111 
(0.04, 0.17) 

0.373  .012  
(0.08, 0.66) 

       
     PRS: polygenic risk score; BMI: body mass index; REMS: rapid eye movement sleep 

             |REM theta energy is computed for 4–8 Hz.     

    *PRS was computed for SNP reaching p-value threshold of 1x10-8 to restrict the number of SNPs included in the PRS estimation. 
     ^Sex was included in the models for older sub-sample only as younger sub-sample comprises only men.  
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Figure 1: Overview of the study design: A. In-lab recordings of habitual sleep to extract REM sleep macro and microstructure metrics. B. 
Parkinson’s disease polygenic risk score (PRS) computation using available GWAS data and DNA extracted from blood sample and PD summary 
statistics.  
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Figure 2: The associations between four sleep metrics during baseline night and age (N = 430). Spearman correlation r is reported. 

R = − 0.21, p = 7.6e-06
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Figure 3: Age related aassociations between PRS for PD and baseline night sleep metrics for young and old sub-samples. (A) The association between REM 
duration and theta in REM during baseline night and PD PRS (N = 345). (B) The association between REM duration and theta in REM during baseline night 
and PD PRS (N = 85). Refer to main text Table 3 for complete statistical outputs of GAMLSSs. (C) In older sub-sample, GAMLSS yielded significant sex 
specific association for REM duration with PD PRS but not for theta in REM. Refer to supplementary Table S1 for complete statistical outputs of GAMLSSs.  
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