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Genome-wide association study of REM sleep
behavior disorder identifies polygenic risk
and brain expression effects

Lynne Krohn1,2, Karl Heilbron3, Cornelis Blauwendraat 4,
Regina H. Reynolds 5,6, Eric Yu 1,2, Konstantin Senkevich1,2,
UladzislauRudakou1,2,MehrdadA. Estiar1,2, Emil K.Gustavsson 6,7, Kajsa Brolin8,
Jennifer A. Ruskey2, Kathryn Freeman 2, Farnaz Asayesh2, Ruth Chia 4,
Isabelle Arnulf 9, Michele T. M. Hu10,11, Jacques Y. Montplaisir12,13,
Jean-François Gagnon12,14, Alex Desautels12,15, Yves Dauvilliers16,
Gian Luigi Gigli17, Mariarosaria Valente17,18, Francesco Janes17,
Andrea Bernardini 17, Birgit Högl19, Ambra Stefani19, Abubaker Ibrahim19,
Karel Šonka 20, David Kemlink20, Wolfgang Oertel21, Annette Janzen21,
Giuseppe Plazzi22,23, Francesco Biscarini24, Elena Antelmi23,25, Michela Figorilli26,
Monica Puligheddu 26, Brit Mollenhauer27,28, Claudia Trenkwalder27,28,
Friederike Sixel-Döring21,27, Valérie Cochen De Cock29,30,
Christelle Charley Monaca31, Anna Heidbreder32, Luigi Ferini-Strambi33,
Femke Dijkstra34,35,36, Mineke Viaene34,35, Beatriz Abril37, Bradley F. Boeve 38,
23andMe Research Team*, Sonja W. Scholz 39,40, Mina Ryten 6,7,
Sara Bandres-Ciga4, Alastair Noyce 41,42, Paul Cannon3, Lasse Pihlstrøm43,
Mike A. Nalls44,45, Andrew B. Singleton4,45, Guy A. Rouleau 1,2,46,
Ronald B. Postuma2,46 & Ziv Gan-Or 1,2,46

Rapid-eye movement (REM) sleep behavior disorder (RBD), enactment of
dreams during REM sleep, is an early clinical symptom of alpha-
synucleinopathies anddefines amore severe subtype. The genetic background
of RBD and its underlying mechanisms are not well understood. Here, we
perform agenome-wide association study of RBD, identifying fiveRBD risk loci
near SNCA, GBA, TMEM175, INPP5F, and SCARB2. Expression analyses highlight
SNCA-AS1 and potentially SCARB2 differential expression in different brain
regions in RBD, with SNCA-AS1 further supported by colocalization analyses.
Polygenic risk score, pathway analysis, and genetic correlations provide fur-
ther insights into RBD genetics, highlighting RBD as a unique alpha-
synucleinopathy subpopulation that will allow future early intervention.

Rapid-eye-movement (REM) sleep behavior disorder (RBD), defined as
loss ofmuscle atonia anddreamenactment duringREMsleep, is one of
the most unique conditions in neurology1. Isolated RBD (iRBD),
defined as having RBD without other significant clinical neurological
signs, is the only early highly predictive clinical marker for some

neurodegenerative diseases. Over 80% of iRBD patients will convert
within 10–15 years on average, to Parkinson’s disease (PD), dementia
with Lewy bodies (DLB), or in rare cases, multiple system atrophy
(MSA)2,3. It is still unclearwhether the remaining iRBDpatients who did
not convert at long follow-up will eventually convert, and pathological
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and imaging studies of this specific population are warranted. Since
PD, DLB, andMSA are all characterized by accumulation of the protein
alpha-synuclein, iRBD is considered a prodromal alpha-synucleino-
pathy, which offers a unique opportunity to identify these conditions
at a much earlier stage4.

There is strong evidence that iRBD also represents distinct, more
severe subtypes of alpha-synucleinopathies. Approximately 30–60%of
PD patients have RBD, including both iRBD and RBD as a symptom
occurring after PD diagnosis (symptomatic RBD, sRBD)3. In this
manuscript, we will use “RBD” to refer to all instances of RBD regard-
less of at which stage symptoms present, and iRBD or sRBD to specify
before or after overt neurodegeneration diagnosis, respectively. The
presence of RBD is currently the strongest predictor for the develop-
ment of dementia in PD5 and is associatedwithmore rapid progression
of non-motor symptoms3. RBD is more frequent in DLB, found in
~50–80% of all cases, and is associated with increased severity of DLB
symptoms and rapid deterioration6. MSA patients also have a high
prevalence of RBD, estimated at 75–95%, 40% of which have iRBD.
Those with iRBD may have more frequent autonomic onset of MSA,
less frequent parkinsonism at MSA onset, and a more severe disease
course7. Overall, RBD, and specifically iRBD, appears to represent a
more malignant subtype of alpha-synucleinopathies.

Thus far, the genetics of RBD has only been studied through the
candidate gene approach. To better understand RBD and early alpha-
synucleinopathy genetics and potential mechanisms, we performed a
genome-wide association study (GWAS) on 2843 cases and 139,636
controls. We further examined the biological implications of the nomi-
nated risk loci through pathway analysis, investigated variant effects on
gene expression, and assessed the cumulative risk using polygenic risk
score (PRS). Using the GWAS summary statistics, we studied the genetic
relationship between RBD and the synucleinopathies to which it pro-
gresses, as well as other conditions and exposures of interest.

Results
Genome-wide association study identifies five RBD loci
To identify genetic risk loci across the genome associated with RBD,
we performed a case–control GWAS of iRBD (N cases = 1061, N con-
trols = 8386) and a case–control GWAS from 23andMe, Inc. using PD
patients with probable RBD (PD+pRBD) and controls without PD or
RBD (N cases = 1782,N controls = 131,250), meta-analyzed for a total of
2843 cases and 139,636 controls. We tested for systemic biases using
the genomic inflation factor (lambda), LD-score regression, and QQ-
plots (Supplementary Fig. 1), with satisfactory results (lambda = 1.06,
lambda1000 = 1.01, LD intercept = −0.01). With LD-score regression,
the liability-scale narrow-sense heritability of iRBD based on common
variants is calculated at 12.3% (standard error = 0.07), similar to the
recently reported 10.8% heritability for DLB 8.

We identified RBD-associated loci in SCARB2 and INPP5F, and
replicated known RBD associations near SNCA9, TMEM17510, and two
variants in GBA, p.Glu326Lys and p.Asn370Ser11,12 (Table 1 and Fig. 1).
Individual LocusZoom plots can be found in Supplementary Fig. 2.
These five loci have also been implicated in PD13, however, the RBD-
associated SNPs in SNCA and SCARB2 are not in LD with the top PD-
associated SNPs in these loci, and are thus considered independent. No
secondary associations were identified by conditional-joint analysis;
notably, the PD variant is not significant at the SCARB2 locus (Sup-
plementary Fig. 3). The SNCA locus structure in RBD has been exten-
sively studied before, with a potential secondary hit that is below
genome-wide statistical significance9. Additionally, PD or DLB-
associated SNPs in notable GWAS loci, such as MAPT (rs62053943),
LRRK2 (rs34637584), BIN1 (rs6733839) and APOE (rs769449)8,14 are not
associated with RBD at this sample size, which had sufficient power
(>80%) to detect the effect sizes seen in PD andDLB. This suggests that
RBD-associated synucleinopathy may have only partially overlapping
genetic background with overall PD and DLB. Ta
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Additionally, we investigated common variants in loci where rare
variants are associated with reduced RBD risk: BST1 and LAMP315.
IntronicBST1SNP rs4389574 (MAF =0.45) shows apotential protective
effect in the RBD meta-analysis, without confidence (beta = −0.07,
se = 0.03m p = 0.01). Intronic LAMP3 SNP rs3772714 (MAF =0.14) also
shows a potentially protective effect, again without confidence at
GWAS-corrected significance (beta = −0.14, se = 0.04, p = 0.001). Link-
age disequilibrium (LD) is difficult to assess between common and rare
variants; in this case, LDlink16 shows the minor alleles of the RBD rare
variants in BST1 (rs6840615) and LAMP3 (rs56682988) correlate with
theminor alleles for the common variants reported above, however in
both cases only one instance of the rare variant was identified.

RBD polygenic risk scores better predict RBD case status than
PD without RBD
Next, we examined whether RBD-specific PRS can distinctly identify
RBD as opposed to PD without RBD, using an RBD polygenic risk
profile containing independent risk variants reaching FDR-corrected

significance in this meta-analysis (N = 47, Supplementary Data 1). In
iRBD, the PRS can differentiate between iRBD cases and controls with
an area under the curve (AUC) of 0.61 (95% CI = 0.58–0.65, Fig. 1b), on
par with recent PD PRS performance (AUC=0.62)17. In PD+pRBD,
predictive performance was similar to iRBD with an AUC of 0.60 (95%
CI = 0.56–0.63), compared to decreased predictive power in PD–pRBD
with an AUC=0.55 (95% CI = 0.51–0.59, Fig. 1b). Using DeLong’s test to
assess true difference between these AUC, PD+pRBD and PD–pRBD do
not differ with statistical significance (p = 0.088), however, the PRS
performs better in iRBD than PD–pRBD (p = 0.024). When comparing
PD+pRBD to PD–pRBD, the RBD PRS is not a strong predictor (AUC =
0.55, 95% CI 0.52–0.59). However, while we argue this RBD PRS is
enriched forRBD loci, it does not capture other keydifferenceswemay
expect to see in PD+/– RBD, such as LRRK2 andMAPT variants. Further
statistical investigation into PD+/– RBD genetic differences is war-
ranted. Results are comparable when excluding rare GBA variant
p.Asn370Ser from the polygenic risk profile, with only the iRBD
AUC decreasing from 0.61 to 0.60 (95% CI 0.56–0.64), but the

Fig. 1 | Summary of GWAS findings in the RBD meta-analysis. Manhattan plot.
ROC receiver operating characteristic, iRBD idiopathic REM sleep behavior dis-
order, PRS polygenic risk score, PD Parkinson’s disease, pRBD probable RBD. a The
Manhattan plot highlights the 6 GWAS-nominated loci after meta-analysis. GWAS
wasperformedas repeated logistic regression across the genome, adjusted for age,
sex, and principal components. Each point represents the log adjusted p-value at
each genomic site. A locus was considered significant if the two-sided p-value was
less than the corrected GWAS-significant p-value threshold of 5E-08, visualized in
this plotwith the dashed line. Thepoints in red show the top variant at that locus, as
well as any secondary independent associations. Predictive powerof RBDpolygenic

risk score. Polygenic risk scores for RBD were calculated using FDR-corrected
GWASvariants (N SNPs = 47) in 3 cohorts: idiopathic RBD, PD+pRBD, andPD–pRBD,
each with controls. b The predictive power of the PRS in each cohort was assessed
with area under the curve (AUC) and 95% confidence intervals. c The PRS for each
cohort were divided in quartiles and analyzed against case status with logistic
regression (N iRBD= 212 with N controls = 1265; N PD+pRBD= 285 with N con-
trols = 907; N PD–pRBD= 217 with N controls = 907). The odds ratios and 95%
confidence intervals (the odds ratio +/− 1.96*standard error) are visualized here as
compared to the lowest quartile (the lowest 25% of scores).
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difference between iRBD and PD–pRBD AUC becomes no longer sig-
nificant (p =0.06).

We then divided the RBD PRS into quartiles in each cohort and
performed logistic regression against the phenotype (Fig. 1c). In iRBD,
those in the topquartile for RBDPRSwere 2.9 timesmore likely to have
RBD (95% CI = 1.87–4.66, p = 3.5E-06), while in PD+pRBD those in the

top quartile were 2.4 times more likely to have PD+pRBD (95%
CI = 1.62–3.56, p = 1.0E-05). The RBD PRS is not significantly associated
with risk for PD–pRBD; those in the top quartile were 1.53 times more
likely to have PD–pRBD, without statistical significance (95%
CI = 0.99–2.34, uncorrected p =0.053, Fig. 1c). The lack of RBD PRS
predictive power in PD–pRBD suggests that we are likely tagging RBD-
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specific loci. RBDPRSwas not associatedwith changes in RBDAAO, PD
AAO, or rate of conversion from RBD to overt neurodegeneration.

Colocalization analyses demonstrate tissue and cell-specific
differential effects of RBD-associated variants
We further performed colocalization analyses to determine whether
risk variants for RBD are also associated with gene expression in the
whole brain or blood. Expression quantitative trait loci (eQTLs) were
obtained from PsychENCODE18 and eQTLGen19, large human brain and
blood datasets, respectively. In brain, we found strong evidence for
colocalization in the SNCA locus with SNCAantisense-1 (SNCA-AS1)
expression (posterior probability of hypothesis 4, PPH4 =0.89; Fig. 2a
and Supplementary Data 2). SNPs in the region surrounding SNCA-AS1
tended to show an inverse relationship between RBD risk and SNCA-
AS1 expression, suggesting that reduced RBD risk is associated with
increased SNCA-AS1 expression (Supplementary Fig. 4), which in turn
may be associated with reduced alpha-synuclein protein level.

In blood,we foundevidenceof colocalizations in the SNCA locuswith
MMRN1 expression (MMRN1, PPH4=0.86; Fig. 2b and Supplementary
Data 2). Sensitivity analyses confirmed that SNCA-AS1 and MMRN1 colo-
calizations were robust to changes in the prior probability of a variant
associating with both traits (i.e., p12 prior, Supplementary Figs. 5 and 6).

As both the SNCA-AS1 and MMRN1 colocalizations were observed
at the same RBD risk locus, but in different tissues, we hypothesized
that this may be due to tissue-specific regulation of SNCA-AS1 and
MMRN1 expression. Using specificity, a measure of the proportion of a
gene’s total expression attributable to one tissue or cell type, we
explored the tissue- and cell-type-specific patterns of SNCA-AS1 and
MMRN1 expression in (i) human bulk-tissue RNA-sequencing from
GTEx consortium20 and (ii) human single-nucleus RNA-sequencing of
the medial temporal gyrus from the Allen Institute for Brain Science
(AIBS; 7 cell types)21. At the tissue level, SNCA-AS1 expression was
predominantly brain-specific, while MMRN1 expression was most
specific to thyroid, adipose and lung tissues and least specific to brain

Fig. 2 | Regional association plots for eQTL and RBDGWAS colocalizations and
tissue andcell-type specificityofMMRN1 and SNCA-AS1.RBDREMsleep behavior
disorder, GWAS genome-wide association study. Regional association plots for
eQTL (upper pane) and RBD GWAS association signals (lower pane) in the regions
surrounding a SNCA-AS1 (colocalization PPH4 =0.89) and bMMRN1 (colocalization
PPH4 =0.86). eQTLs are derived from a PsychENCODE’s analysis of adult brain
tissue from 1387 individuals or b the eQTLGen meta-analysis of 31,684 blood
samples from 37 cohorts. In a and b, the x-axis denotes chromosomal position in
hg19, and the y-axis indicates association p-values from across-locus logistic (RBD

GWAS) or linear (eQTL) regression on a –log10 scale. Plot of SNCA-AS1 andMMRN1
specificity in c 35 human tissues (GTExdataset) andd 7 broadcategories of cell type
derived from human middle temporal gyrus (AIBS dataset). Specificity represents
the proportion of a gene’s total expression attributable to one cell type/tissue, with
a value of 0meaning a gene is not expressed in that cell type/tissue and a value of 1
meaning that a gene is only expressed in that cell type/tissue. In c tissues are
colored by whether they belong to the brain. In c and d, tissues and cell types have
been ordered by specificity from high to low.
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indicates missing data in these tissues. The RBD SNCA variant correlates most
strongly with decreased SNCA-AS1 expression in the cerebellum (uncorrected
p = 9.9e-19) cerebellar hemisphere (p = 3.1e-08), cortex (p = 1.9e-05), frontal cortex
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(p = 2.5e-05).
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tissues (Fig. 2c and Supplementary Data 3). At the cellular level, SNCA-
AS1 demonstrated neuronal specificity, while MMRN1 was specific to
microglia (Fig. 2d and Supplementary Data 3). We further investigated
whether these associations in CNS cell-type-specific eQTLs22, but did
not find evidence of colocalization with any RBD loci.

Differential eQTL effects in different brain regions may shed
light the independent associations of SNCA in RBD and PD
SNCA and SCARB2 are GWAS-nominated risk loci for both RBD and PD,
however the associations are driven by independent variants. In the
SNCA locus, rs3756059 (in the 5’ region)was associatedwithRBD in the
current GWAS and recently reported in DLB8. In contrast, rs356182 (in
the 3’ region), which is not in LDwith rs3756059 (R2 = 0.17,D’ =0.56), is
the most significant GWAS signal for PD risk13, yet showed no asso-
ciation with iRBD. Similarly, in the SCARB2 locus, rs7697073 is asso-
ciated with RBD and rs6825004 is associated with PD, and the two
SNPs are not in LD (R2 = 0.06, D’ =0.26). We therefore hypothesized
that the different SNPs in these locimay be associatedwith differential
expressionpatterns of their respective genes indifferent brain regions.
To examine this hypothesis, we used the Genotype-Tissue Expression
(GTEx) consortium v8 (https://www.gtexportal.org/home/)23. We
examined the effects of these variants on the expression of SCARB2,
SNCA and SNCA-AS1, sincevariants in SNCAhavepreviously been linked
to SNCA-AS1 expression8, and our colocalization analysis suggests the

RBD locus is driven by SNCA-AS1 expression. The eQTL effect size (ES)
reported here is the slope of the linear regression of normalized
expression data versus the genotype status using single-tissue eQTL
analysis, performed by the GTEx consortium. A variant is considered
associated with expression in a tissue based on its association with
mRNA levels after FDR correction by GTEx, however in our case it does
not indicate that this is the causal eQTL; itmay be in LDwith the causal
SNP. Comparative results are visualized in Fig. 3.

In the SNCA/SNCA-AS1 locus, the RBD risk variant rs3756059 is
most strongly associated with increased expression for SNCA-AS1
expression in multiple cortical regions (frontal cortex effect size,
ES = −0.39, p = 6.3E-05; anterior cingulate cortex ES = −0.41,
p = 2.6E-04), the cerebellum (ES = −0.74, p = 9.9E-19) and the spinal
cord (ES = −0.54, p = 2.0E-05), all statistically significant. The PD
variant rs356182 is only associatedwith SNCA-AS1 expression in the
anterior cingulate cortex (ES = −0.46, p = 2.5E-05). Although the
observed direction of eQTL effect on SNCA-AS1 expression is
consistent between the RBD and PD variants, only the RBD variant
is causally linked to SNCA-AS1 expression via colocalization. The
differential strength and patterns across the brain regions
between the PD and RBD variants are an intriguing field for follow-
up investigation; in individual GTEx data, statistically comparing
the mRNA levels data associated with the PD or RBD variant in each
tissue could help clarify this observation.
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Fig. 4 | Pathways associated with genes nominated by RBDmeta-analysis. RBD
REMsleepbehavior disorder.WeusedWebGestalt (http://www.webgestalt.org/) to
perform gene-set enrichment analysis in cellular components and biological pro-
cesses. Enrichment scores are calculated similar to Kolmogorov–Smirnov statis-
tics; they indicatewhether a groupof genes isover- or under-represented in a list of

processes. Two-sided p-values are calculated by comparison to the enrichment
scores null distribution, produced with phenotypic permutation testing. Bars on
this plot represent the unadjusted p-values for pathways nominated by gene-set
enrichment analysis. All pictured pathways are significant after FDR multiple
testing correction.
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The RBD risk variant at the SCARB2 locus (rs7697073) is most
strongly associated with increased expression in the cortex (ES =0.15,
p = 1.4E-03), while the SCARB2 PD risk variant (rs6825004) is most
strongly associated with substantia nigra increased expression (ES =
0.25, p = 4.6E-04). The PD variant may be associated with decreased
SCARB2 expression in the cerebellum, while the opposite is shown for
the RBD variant. These SCARB2 results must be taken with caution and
examined further, as the eQTL associations are not statistically

significant after multiple testing correction, and we did not find evi-
dence of colocalization in the RBD SCARB2 locus in brain or blood
(Supplementary Figs. 7–9).

Pathway analysis reveals potential role for the autophagy-
lysosomal pathway in RBD pathogenesis
To examine whether specific pathways are enriched according to the
RBD GWAS results, we performed pathway enrichment analysis using
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Fig. 5 | Beta-beta plots comparing synucleinopathy GWAS summary statistics
to the latest PDGWAS. PD Parkinson’s disease, RBDREM sleep behavior disorder,
GWAS genome-wide association study, pRBD probable RBD, DLB dementia with
Lewy bodies. We compare significance and direction of PD GWAS-nominated loci
to this study’s summary statistics for iRBD (a), PD+pRBD (b), the meta-analysis (c),
and in the previously published DLB summary statistics (d). Colored points indi-
cate variants with the same (blue) or opposite (red) direction of effect in both
studies, with a nominally significant p-value (p <0.05) in their respective genome-

wide association studies (two-sided p-value derived from logistic regression across
the genome). All test statistics for each cohort can be found in Supplementary
Table 5. Gray points are those with undetermined direction (p >0.05 and con-
fidence intervals cross 0). The shapes of the points indicate the number of synu-
cleinopathy GWAS where the locus reaches GWAS significance (counting PD, PD
age at onset, DLB, and this RBD meta-analysis). Gene names indicate the closest
gene to the represented variant.
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the GWAS-nominated genes for cellular components and biological
processes (Fig. 4 and Supplementary Data 4). The nominated cellular
components include whole membrane (FDR corrected p = 0.004),
lysosome (p =0.004), and vacuole (p =0.005). Biological processes
include positive regulation of receptor recycling (p =0.037), vacuole
organization (p = 0.037), and endocytosis (p = 0.039). All these nomi-
nations suggest involvement of the autophagy-lysosomal pathway
(ALP), a key mechanism for clearing alpha-synuclein24,25.

Comparison to PD GWAS loci reveals additional loci with
potential distinct effects in RBD
We aimed to further examine how PD GWAS loci behave in RBD, given
the differential associations we observed in the SNCA and SCARB2 loci.
We compiled a list of GWAS-nominated synucleinopathy variants (PD13,
DLB8, PD AAO26, and RBD) and compared the effects in PD GWAS
summary statistics versus the summary statistics of this RBD GWAS
(iRBD, PD+pRBD, and the meta-analysis) and the most recent DLB
GWAS 8.

Figure 5a–c shows the similarities and differences of effect size
and direction at these loci across RBD, PD and DLB. Notably, iRBD
shows marked differences at some key PD loci (Fig. 5a), including
SNCA, CYLD, and FYN. In these loci, the direction of effect in iRBD is
opposite of that seen in PD, however without corrected significance in
iRBD. The PD+pRBD cohort deviates from this pattern with 100% of
loci showing the same direction of effect with PD (Fig. 5b). However,
strong PD signals, such as SNCA 3’ variants and LRRK2, are not sig-
nificant in the PD+pRBD cohort despite sufficient power. Similarly, all
DLB nominally significant loci share the same direction of effect with

PD (Fig. 5c). Yet, DLB also deviates fromPD, as theMAPT (rs62053943),
LRRK2 (rs34637584), and SNCA 3’ (rs356182) loci are not statistically
significant despite sufficient power.

We repeated this comparison using PD AAO summary statistics,
comparing the same set of variants to RBD and DLB GWAS statistics
(Supplementary Fig. 10). As expected, most loci that increase risk for
any of the synucleinopathies are associated with an earlier PD AAO, so
we see a consistent “different” effect direction. However, in iRBD, we
see a few with the opposite effect; notably, the PD SCARB2 variant (PD
beta = 0.06, p = 1.17e-09) is nominally associated with an earlier PD
AAO (beta = −0.28, p =0.028), but decreased risk for RBD (beta =
−0.10, p =0.045). Similarly, the top PD variant rs356182 is concordant
in the PD and PDAAO summary statistics but not in iRBD, a distinction,
which was noted in an earlier study of SNCA in RBD9. The allele asso-
ciated with increased risk for PD (beta = 0.28, p = 3.9e-154) is asso-
ciated with earlier PD AAO (beta = −0.67, p = 4.6e-08), but shows a
potential for a protective effect in iRBD (beta = −0.23, p = 1.5e-04). All
statistics are detailed in Supplementary Data 5.

LD-score regression reflects potential differences between iRBD
and PD+pRBD
We used LD-score regression to examine the genetic correlation
between RBD and relevant traits and exposures (Fig. 6a–c). Although
iRBD and PD+pRBD are positively correlated with nominal significance
(rg = 0.56, se = 0.24,p =0.02), the two cohorts behavedifferentlywhen
it comes to other alpha-synucleinopathies. PD+pRBD is strongly cor-
related with PD (rg = 0.76, se = 0.13, p = 1.2E-09), yet iRBD is not (rg =
0.17, se = 0.14, p = 0.23). PD+pRBD is not correlated with DLB (rg =
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Fig. 6 | Genetic correlation results. RBD REM sleep behavior disorder, PD Par-
kinson’s disease, pRBD probable REM sleep behavior disorder. Genetic correlation
was calculated using LD-score regression for a the RBD meta-analysis (N cases =
2843 and N controls = 139,636), b isolated RBD (iRBD) alone (N cases = 1061 and N

controls = 8386), and c PD+pRBD alone (N cases = 1782 and N controls = 131,250).
The traits tested areorganized in their general categories as labeledby LDHub. The
error bars represent the genetic correlation coefficient +/– the standard error,
centered on the correlation coefficient.
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0.29, se = 0.23, p =0.21), yet themeta-analysis of iRBDandPD+pRBD is
positively correlated with DLB (rg = 0.68, se = 0.26, p =0.009, not
significant after multiple testing correction). Therefore, this possible
association is likely driven by iRBD, although we could not accurately
measure genetic correlation between iRBD and DLB due to high
variability causing the correlation estimate to be out of bounds (rg =
1.28, se = 0.56, p =0.02), suggesting we are underpowered to detect a
true effect. Of note, we chose to analyze the latest DLB GWAS, which
includes 150 PDD cases in the replication phase. This study is the lar-
gest to date and has consistent findings with the smaller 2018 study
with only DLB cases14. This difference between iRBD and PD+pRBD is
quite pronounced when examining genetic correlation between the
synucleinopathies for only PD,DLB, andRBDGWAS loci +/− 500 kb. PD
+pRBD is correlated with PD (rg = 0.76, se = 0.08, p = 1.2E-19) with
uncertain results for DLB (rg = 1.31, se = 2.03, p = 0.52), and iRBD is not
correlated with PD (rg = 0.19, se = 0.13, p = 0.15) or DLB, although with
a potentially high correlation coefficient with DLB (rg = 0.91, se = 0.56,
p =0.17) with low confidence. Additionally, iRBD is potentially geneti-
cally correlated with Type II Diabetes (rg = 0.66, se = 0.23, p =0.0047)
without significance after multiple testing correction, while PD+pRBD
is not (rg = −0.09, se = 0.10, p =0.40). Interestingly, PD+pRBD may be
correlated with Alzheimer’s disease (rg = 0.30, se = 0.15, p =0.04),
again without confidence, which we do not see in iRBD at this sample
size, although the correlation coefficients are similar (rg = 0.33, se =
0.20, p = 0.11). Those with Type II Diabetes are at increased risk for
Alzheimer’s27 and the two conditions share genetic risk architecture28.
All RBD cohorts show similarities to PD with potential genetic corre-
lations with less smoking, more education, and excessive daytime
sleepiness, yet without significance after multiple testing correction
(Fig. 6a–c and Supplementary Data 6).

Discussion
In this GWAS of RBD, we identified six RBD-associated loci in five
genomic regions: two loci near SCARB2 and INPP5F and three pre-
viously reported loci near SNCA, GBA and TMEM175. Two of the loci,
SNCA and SCARB2, have different and independent variants associated
with RBD than those associatedwith PD. Our sample size had sufficient
power (>80%) to detect variants previously reported in PD and DLB at
the GWAS significance level, namely, MAPT (rs62053943), LRRK2
(rs34637584), BIN1 (rs6733839) and APOE (rs769449)8,14, yet there was
no association. This does not provide a definite proof that these var-
iants are not associated with RBD, yet it further suggests a genetic
background in the RBD subtype that is only partially overlapping with
those of PD and DLB as a whole. Colocalization analyses suggest that
the SNCA variants are associated with differential expression of SNCA-
AS1 in different brain regions, tissues, and cell types. We further show
that RBD-specific PRS better predicts RBD case status than PD–pRBD
when compared to controls. Pathway analysis and comparisons
between this RBDmeta-analysis and previous PD and DLBGWAS show
specificity to the autophagy-lysosomal pathway (ALP) in risk for iRBD
and RBD-associated PD, whereas that specificity is not noted in simi-
larlypoweredPDorDLBGWAS.Basedon these results,wehypothesize
that RBD is an indicator of a specific synucleinopathy subtype, which is
characterized by ALP dysfunction and cognitive decline, with clinical
and genetic distinctions, which should be considered in future drug
development and clinical trials.

The differential association at the SNCA locus, when comparing
PD and RBD, may provide a mechanistic hypothesis for gene
expression-dependent regional vulnerability of different brain areas.
The eQTL analysis shows that the top variant associated with RBD in
the current GWAS, rs3756059, is associated with reduced expression
of SNCA-AS1 in several cortical regions (Fig. 3) while the top PD variant
(rs356182) is not. Since SNCA-AS1 is transcribed as an antisense RNA
molecule, it might lead to reduced alpha-synuclein protein expression.
If this hypothesis is correct, then levels of alpha-synuclein proteinmay

be increased in the cortical regions associated with reduced SNCA-AS1
expression (Frontal Cortex), which could make these regions more
vulnerable for neurodegeneration in carriers of the RBD-associated
variant. This could explain some of the strong association of RBD with
more rapid and more severe cognitive decline in PD29,30, since the
cortical brain regions associated with cognition may be more sus-
ceptible for neurodegeneration by this mechanism. Interestingly, PD
patients without RBD are similar to controls when assessing
cognition30,31, and this RBD variant is not a strong risk locus in this
PD–RBD population9. This locus is in LD with a secondary PD GWAS
variant, rs7681154, (R2 = 0.99, D’ =0.97), and is potentially a marker of
the PD+RBD subgroup32, which is a group likely to develop PD with
dementia3. The same variant also colocalized with SNCA-AS1 expres-
sion in the most recent DLB GWAS8, strengthening evidence that this
mechanism could be associated with cognitive decline. This hypo-
thesized role of SNCA-AS1 as an important, neuronally specific reg-
ulator of alpha-synuclein protein expression as a determinant of risk of
alpha-synucleinopathies should be further studied.

We found a similar phenomenon in the SCARB2 locus; rs7697073
is associated with RBD in the current GWAS, whereas in the recent PD
GWAS there is an independent association at rs6825004. The PD-
associated variant is possibly associatedwith SCARB2 expression in the
substantia nigra, while the RBD-associated variant, rs7697073, is not.
This potential difference in SCARB2 expression should be considered
with caution, as the association with expression in the substantia nigra
does not survive correction for multiple comparisons. We can hypo-
thesize that if this differencewill be proven to be true, itmay lead to an
earlier degeneration of the nigrostriatal fibers in the PD cohort com-
pared to the RBD cohort, thus explaining the earlier manifestation of
motor symptoms in the former. In RBD, the top-associated variant in
this locus (rs7697073), like the SNCA locus variant, is potentially
associated more with expression in cortical brain regions, providing
additional support for our hypothesis, although here too this asso-
ciation does not survive Bonferroni correction. SCARB2, encoding the
Scavenger Receptor Class B Member 2, is the transporter of gluco-
cerebrosidase (encoded by GBA) from the endoplasmic reticulum to
the lysosome33. It is possible that in PD this transport is affected by the
variant associated with SCARB2 expression in the substantia nigra. In
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TMEM175 are shared between all three, both of which play a role in the autophagy-
lysosomal pathway. SNCA plays a role in PD, DLB, and RBD risk, yet the strongest
risk locus for PD is at the 3’ end of the gene while RBD and DLB share a risk locus at
the 5’ end. Similarly, SCARB2 is a risk factor for PD aswell as RBD, however, the RBD
locus is independent of the variant identified for PD risk (as indicated by the
asterisk in the figure).
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RBD, this transport may be more affected in cortical regions. This
could lead to specific vulnerabilities of specific brain regions in PD and
RBD. For example, PD patients with RBD show significant cortical
thinning when compared both to controls and to PD without RBD34.

Despite the inclusion of PD patients with probable RBD in the
current meta-analysis, notable PD and DLB GWAS loci are absent,
including LRRK2,MAPT, BIN1, andAPOE. Our sample size is comparable
to PD35 and DLB8 GWAS that detected these signals (cases = 1713 &
2981, controls = 3978 & 4391, respectively). Examining the most sig-
nificant variants in these loci, our study is sufficiently sized to detect
these signals at GWAS significance with >80% power if they had com-
parable effects to their PD and DLB results. While this does not com-
pletely rule out association, it is evidence that these loci do not play as
strong a role in iRBD or RBD-related PD. The apparent lack of asso-
ciation with RBD in these important regions, which we have previously
reported in candidate gene studies in smaller cohorts36–39, further
supports RBD as a distinct subtype, genetically and clinically. These
findings suggest that PD and DLB likely include different subgroups,
some of which are associated with variants in LRRK2,MAPT, and APOE,
while the subgroup defined by having iRBD prior to the onset of PD or
DLB is not (Fig. 7). The presence of subgroupswithin PD is also evident
in the PRS analyses, showing that RBD PRS better distinguished RBD
cohorts compared to controls and has minimal predictive capability
for PD–pRBD.

When considering the five loci associated with RBD in the current
study, the autophagy-lysosomal pathway (ALP) seems to have a major
role inRBD, like PD andDLB.However, uniquely toRBD, four of thefive
nominated genes in this GWAS directly engage with glucocer-
ebrosidase (GCase) function. On top of the GBA locus itself, which
encodes forGCase, alpha-synuclein hasbeen shown todirectly interact
with GCase products and inhibit its transport to the lysosome40,41.
Variants in the SNCA locus also seem to be modifiers of GBA pene-
trance and the age at onset (AAO) among GBA variant carriers42.
SCARB2 is the transporter that carries GCase to the lysosome, and
TMEM175 (encoding a lysosomal potassiumchannel) variants affect the
activity of GCase in humans and in vitro10. Furthermore, TMEM175
variantsmay affect the AAOofGBA-associated PD26,42. Although INPP5F
does not have a known prominent role in the ALP, it may play a role in
endosomal trafficking43, and its neighboring gene BAG3 is a moderator
of selective autophagy for misfolded proteins and directly interacts
with GCase44,45. At our sample size, we are not powered to detect the
PD BAG3 association or determine the true causal signal at this locus.
Additionally, rare loss-of-function variants in PSAP, which encodes a
co-activator of GCase (saposin C), are associated with risk for iRBD46.
Rare mutations in the PSAP saposin D domain may also be associated
with autosomal dominant PD47, and a role for common PSAP variants in
PD susceptibility is debated47,48. Taken together, these previous and
current findings strongly highlight the role of GCase activity in RBD.
Early PD GWAS with comparable sample sizes and DLB GWAS loci do
not show the same specificity to the ALP or GCase function, and
instead spanmultiple potential pathways andmechanisms. Since iRBD
may appear years before the onset of overt neurodegeneration, this
population is especially attractive for clinical trials aimed to prevent
neurodegeneration in RBD-associated alpha-synucleinopathies
(30–60% of PD3, 50–80% of DLB6). GBA targeting therapies could also
be tested in this population, especially those who carry GBA variants.
Additionally, all loci nominated in this study are also linked to PD AAO
via GWAS26, whichmakes sense sinceboth RBD andGBA are associated
with more severe PD49,50, the latter also associated with early-onset
PD51. In this study, both iRBD and PD+pRBD populations are not below
average in AAO (65 ± 8 and 69 ± 9, respectively), sowe do not attribute
our findings to simply an AAO association.

There are several limitations to this study. First, despite being the
largest RBD cohort analyzed to date, this is still a relatively small
GWAS, and future RBD GWASs will likely yield additional associations.

Powermust be consideredwhen interpreting these results, particularly
in the lack of association of RBD PRS with PD without RBD, and in the
genetic correlation analyses where we observe high variability for
some traits. This issue may confound the LD-score regression results;
however, we find it important to report these results as foundational,
preliminary work in RBD genetics. Second, the meta-analysis may be
PD-skewed since over half of the GWAS case cohort consists of PD
+pRBDpatients, someof which had iRBD prior to PD and some had PD
symptoms first and RBD developed later. Given the different ascer-
tainment method of the cases, there is evidence of heterogeneity
between the two cohorts (notably at the SNCA signal, where the effect
size is larger in iRBD than PD+pRBD, Table 1). It is therefore possible
that some signals identified by the meta-analysis are PD-enriched, and
that iRBD-specific signals are diluted. Yet, of all the variants analyzed
in this study, less than 10% show heterogeneity I2 > 0.5 with a
p-value < 0.05. Additionally, the PD+pRBD cohort notably behaves
differently (e.g., the LRRK2 andMAPT loci) compared to the published
PD GWAS22, which includes both PD with and without RBD, suggesting
the subset of PD patients who have RBD may be genetically distinct.
The specific associations in SNCA and SCARB2, enrichment of the RBD
GWAS loci in the ALP (unique compared to similarly powered PD or
DLBGWAS), and lack of association between the RBDPRS andPD–RBD
risk support that even with a PD-skewed population we are tagging
distinct RBD risk variants. These points highlight the validity and
importance of this study, but future studies of larger iRBD cohorts will
be important to expandon thesefindings. Ameta-analysis of only iRBD
patients would be a better model, but since the iRBD cohort included
in this study is the only cohort with genetic data available worldwide,
increasing power with a pRBD cohort allowed interesting discoveries
to bemade. On this topic, we prioritized power for discovery52 over an
independent replication set, however each of the nominated loci have
been linked to either PD or DLB, so it is highly unlikely these are ran-
dom associations. Additionally, we find the same direction of effect for
each nominated GWAS loci in the McGill PD+pRBD cohort, however it
is underpowered to significantly detect these associations (Supple-
mentary Table 1). Third, due to data protection in 23andMe, we could
not examine for overlap of samples between the iRBD cohort and the
PD+pRBD cohort. However, since less than 15% of the iRBD cohort has
converted to PD, and since it is highly unlikely that all of them parti-
cipated in 23andMe, if there is any overlap it is most likely minimal.
Finally, this study only includes participants of European ancestry.
Future studies in other populations are vital to characterize RBD
genetic risk across all ancestries.

The results of the current study suggest that the genetic back-
ground of RBD, PD and DLB only partially overlap, and larger RBD
studies will be required to better elucidate the genetic background of
RBD. The present study also suggests that the lysosomal pathway, and
more specifically the GBA pathway, could be a crucial target for ther-
apeutic development targeting RBD and aimed to prevent neurode-
generation in this population.

Methods
Population
We used two cohorts for the RBD GWAS meta-analysis. The first is an
iRBDcohort (N cases = 1061,N controls = 8386). The second is a cohort
of PD patients with probable RBD (pRBD, N cases = 1782, age 69.1 ± 9
and N controls = 131,250, age 68.9 ± 9), genotyped and analyzed by
23andMe, Inc. pRBD was identified using the RBD Single-Question
Screen (RBD1Q)53, which has a sensitivity of 93.8% and specificity of
87.2% in PD. We did not select individuals with pRBD but without PD
from 23andMe, since a small percentage of them will actually have
iRBD; the questionnaire is not reliable for the general population but
muchmore reliable for PD patients, albeit with false positives and false
negatives. Themeta-analysis combines the two for a total of 2843 cases
and 139,636 controls. iRBD cases were collected by the International
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RBD Study Group and were genotyped and analyzed at McGill Uni-
versity. This iRBD cohort included large cohorts of French, French
Canadian, Italian and British origins, and smaller cohorts from differ-
ent European populations. Accordingly, for controls, we used geno-
type data obtained from (a) French and French-Canadian controls
from McGill University (N = 871); (b) the HYPERGENES Project54

(N = 557 Italian samples); (c) the Wellcome Trust Case Control
Consortium55 (N = 5516 British samples); (d) European control samples
genotyped in the Laboratory of Neurogenetics (LNG), National Insti-
tute on Aging (NIA), National institutes of Health (NIH) (N = 1442).
Principal components to adjust for population substructurewere used
as mentioned below. The cases were aged 68 +/− 9 years (standard
deviation) on average and were 81% male, and the controls were aged
58.5 +/− 9 years on average, 68% male. 23andMe cases and controls
were age- and sex-matched, with 83% over 60 years of age and 64.5%
male. In polygenic risk score (PRS) analyses, we used an independent
replication cohort of PD +/–p RBD from McGill (N cases = 502, N con-
trols = 907, average age 61 +/− 8 years and 62% male) and 604 PD
samples with recorded age at onset (AAO), including the 502 samples
with pRBD data (average AAO 58 +/− 10 years, 63% male). All cohorts
used were confirmed European ancestry with principal component
analysis using HapMap 3 as the reference population.

iRBD, referring to those who were diagnosed with RBD before
developing overt neurodegeneration, was diagnosed according to the
International Classification of Sleep Disorders (2nd or 3rd Edition),
including video polysomnography. In the PD cohorts (except the
23andMe cohort, see below), PDwasdiagnosedbymovement disorder
specialists in accordance with the UK Brain Bank Criteria56 or Interna-
tional Parkinson Disease and Movement Disorders Society57 criteria.
Within the PD cohorts, pRBD was identified using either the RBD
single-question screen (RBD1Q)53 or the RBD screening questionnaire
(RBDSQ)58, both with high sensitivity and specificity in PD59. All study
participants signed informed consent forms, and the study protocol
was approved by the institutional review boards.

Genome-wide association study
23andMe. 23andMecohortswere collected, genotyped, andfiltered as
previously described9. Briefly, all individuals included in the analyses
provided informed consent and answered surveys online according to
the 23andMe human subject protocol, which was reviewed and
approved by Ethical & Independent Review Services, a private insti-
tutional review board (http://www.eandireview.com). DNA extraction
and genotyping were performed on saliva samples by National
Genetics Institute (NGI), a CLIA licensed clinical laboratory and a
subsidiary of Laboratory Corporation of America. Samples were gen-
otyped on one of five genotyping platforms. The v1 and v2 platforms
were variants of the Illumina HumanHap550+ BeadChip, including
about 25,000 custom SNPs selected by 23andMe, with a total of about
560,000 SNPs. The v3 platform was based on the Illumina OmniEx-
press+ BeadChip, with a total of about 950,000 SNPs. The v4 platform
was a fully customized array, including about 570,000 SNPs. The v5
platform, in current use, is an Illumina InfiniumGlobal Screening Array
(~640,000SNPs) supplementedwith ~50,000SNPs of customcontent.
Samples that failed to reach 98.5% call rate were re-analyzed. Indivi-
duals whose analyses failed repeatedly were re-contacted by 23andMe
customer service to provide additional samples.

Participants were restricted to those of European ancestry
determined through an analysis of local ancestry60. Briefly, a
support vector machine (SVM) is used to classify individual
haplotypes into one of 31 reference populations (https://www.
23andme.com/ancestry-composition-guide/). The SVM classifi-
cations are then fed into a hidden Markov model (HMM) that
accounts for switch errors and incorrect assignments, and gives
probabilities for each reference population in each window.
Finally, simulated admixed individuals are used to recalibrate

the HMM probabilities so that the reported assignments are
consistent with the simulated admixture proportions.

GWAS was computed using logistic regression, assuming additive
allele effects, adjusted for age, sex, genotype platform, and top 5
principal components (PCs). Imputed dosages were considered for
imputed SNPs rather than best-guess genotypes. p-values were com-
putedusing a likelihood ratio test and adjusted for LD-score regression
intercept to account for sample size mismatch between cases and
controls.

All other cohorts. The iRBDcases and controls were genotyped on the
OmniExpress GWAS chips (Illumina Inc.). We performed quality
control according to a standardized GWAS pipeline (https://
github.com/neurogenetics/GWAS-pipeline). At the sample level,
individuals were screened for high or low heterozygosity
(−0.15 < = F < = 0.15 for inclusion), call rate (>95%), genetic sex
matching reported data (0.25 < F < 0.75) using plink 1.9. Ancestry
outliers were detected using HapMap3 PCA data in R version
4.0.1. Samples identified with Asian, African, or mixed-race
ancestry (N = 139) were removed. We used gcta64 to check for
relatedness with other samples closer than cousin (pihat > 0.125).
SNPs were filtered based on variant missingness (<0.05), dis-
parate missingness between cases and controls (p > 1E-04), miss-
ingness by haplotype (p > 1E-04), and deviation from Hardy-
Weinberg equilibrium in controls (p > 1E-04) using plink 1.9. To
merge HYPERGENES, Wellcome Trust, and LNG controls with the
McGill iRBD genotypes, we performed quality control on each
cohort separately, then merged the cohorts using only variants
common in all datasets. Following quality control, genotypes
were filtered for minor allele frequency (MAF) > 0.01 to reduce
imputation errors and imputed using Michigan Imputation Server
and the Haplotype Reference Consortium61 r1.1 2016 reference
panel (GRCh37/hg19). Only imputed genotypes with an R2 > 0.30
were kept for analysis, and imputed rare variants (MAF < 0.01)
were excluded. Variants with MAF < 0.01 but directly genotyped
and previously found to be associated with synucleinopathies
(GBA variant p.N370S12,42 and LRRK2 variant p.G2019S13, Supple-
mentary Table 2) were included in the study.

GWAS was performed using rvtests62 logistic regression with sin-
gle Wald association test, including sex, age, and three ancestry PCs
determined by scree plot for each cohort as covariates. We imple-
mented METAL63 to perform fixed-effect meta-analysis and FUMA64 to
identify top hits according to the standard GWAS p-value threshold of
p < 5E-08. FUMA implemented an R2 threshold of 0.6 to define inde-
pendent SNPs among those with GWAS-level significance, with a sub-
sequent R2 threshold of 0.1 to define lead SNPs within LD blocks. To
determine whether secondary associations were present in the dif-
ferent loci, we used GCTA-COJO65 cojo-slct, a stepwise association
method to identify independent associations, with default parameters.
Power calculations for the meta-analysis are depicted in Supplemen-
tary Fig. 11.

Polygenic risk score
PRSice266 and PLINK67 1.9 were used to calculate polygenic risk
scores (PRS). To minimize overfitting, a portion of iRBD cases
(N = 212) and controls (N = 1265) were withheld as a testing set.
The GWAS and meta-analysis were redone excluding these sam-
ples. We set the p-value ceiling at the GWAS FDR significance
threshold (p < 1E-05). Independent variants according to the
standard pruning parameters defined by PRSice2 (R2 > 0.1) pas-
sing this threshold (N = 47) were used to calculate the PRS. Using
PRSice2, we calculated PRS for each individual as the average of
effect sizes for each effect allele from the N = 47 risk profile found
in the sample. We implemented receiver operating characteristic
and area under the curve (AUC) analysis, using R version 4.0.1, to
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determine the accuracy of this PRS in differentiating between
cases and controls in iRBD (the withheld samples), an indepen-
dent PD+pRBD cohort (N = 285), and a PD–pRBD cohort (N = 217)
and controls (N = 907). Additionally, we used unadjusted linear
regression to test whether polygenic risk for RBD is associated
with RBD age at onset (AAO) or rate of conversion (AAO or rate of
conversion ~ PRS), and Kaplan–Meier survival analysis to test
whether groups divided into quartiles based on PRS convert sig-
nificantly faster or slower than others. PRS code can be found on
https://github.com/lynnekrohn/RBD_GWAS/blob/main/1_PRS.md.

Pathway analysis
Pathway analysis was performed using functional enrichment
analysis, specifically gene-set enrichment, using the publicly
available online tool WebGestalt (http://www.webgestalt.org/)68.
The gene-set enrichment analysis examines the enrichment of a
provided set of genes in predetermined lists of genes involved in
various functional pathways, detailed in Supplementary Data 3.
An enrichment score is calculated, representing the level to which
these genes are over-expressed in the various pathways, and then
statistical significance is calculated using permutation testing.
RBD genes included were those closest to the most significant
GWAS SNP at the GWAS significance level, a single gene from each
locus, as including multiple genes from the same locus may lead
to false enrichment. We opted for choosing the nearest gene and
not using QTLs, since in many loci there are multiple QTLs in
multiple tissues with multiple genes, which will make the selec-
tion of genes for this preliminary analysis based on QTLs chal-
lenging. Multiple hypothesis adjustment is applied in accordance
with the false-discovery rate (FDR).

Colocalization
Coloc (version 4.0.1; https://github.com/chr1swallace/coloc)69 was used
to evaluate the probability of RBD loci and expression quantitative trait
loci (eQTLs) sharing a single causal variant. Cis-eQTLs were derived from
eQTLGen (accessed 19/02/2020; https://www.eqtlgen.org/cis-eqtls.
html)70 and PsychENCODE (accessed 20/02/2020; http://resource.
psychencode.org/)71, which represent the largest human blood and
brain expression datasets, respectively (eQTLGen,N=31,684 individuals;
PyschENCODE,N= 1387 individuals). We additionally investigated eQTLs
from individual CNS cell types (astrocytes, endothelial, microglia, oligo-
dendrocytes and precursors, and pericytes) using eQTLs generated by
Bryois et al. (https://malhotralab.shinyapps.io/brain_cell_type_eqtl/)22. For
each locus, we examined all genes within 1Mb of a significant region of
interest, as defined by RBD (p<5× 10−8). Coloc was run using default
p1 = 10−4 and p2 = 10−4 priors (p1 and p2 are the prior probability that any
random SNP in the region is associated with trait 1 and 2, respectively).
The p12 prior (the prior probability that any random SNP in the region is
associated with both traits) was altered to p12 = 5 × 10−6, which has been
shown to be amore robust choice than the defaultp12 = 10−572. Loci with a
posterior probability of hypothesis 4 (PPH4)≥0.8 were considered
colocalized due to a single shared causal variant, as opposed to two
distinct causal variants (PPH3). All colocalizations were subjected to
sensitivity analyses using coloc’s sensitivity() function, which plots prior
and posterior probabilities of each coloc hypothesis as a function of the
p12 prior. This permits exploration of the robustness of our conclusions
to changes in the p12 prior. Code for coloc analyses is openly available at
https://github.com/RHReynolds/RBD-GWAS-analysis/.

Cell-type and tissue specificity measures
Specificity represents the proportion of a gene’s total expression
attributable to one cell type/tissue, with a value of 0meaning a gene is
not expressed in that cell type/tissue and a value of 1 meaning that a
gene is only expressed in that cell type/tissue. To determine specificity
of a gene to a tissue or cell-type, specificity values from two

independent gene expressiondatasets were generated, as described in
Chia et al.8. Briefly, these datasets included (1) bulk-tissue RNA-
sequencing of 53 human tissues from the Genotype-Tissue Expression
consortium (GTEx; version 8)20 and (2) human single-nucleus RNA-
sequencing of the middle temporal gyrus from the Allen Institute for
Brain Science (AIBS; https://portal.brain-map.org/atlases-and-data/
rnaseq/human-mtg-smart-seq)21. Specificity values for GTEx were
generated using modified code from a previous publication (https://
github.com/jbryois/scRNA_disease)73, and modified to reduce redun-
dancy among brain regions and to include protein- and non-protein-
coding genes. Expression of tissues was averaged by organ (except in
the case of brain). Thus, specificity values were generated for a total of
35 tissues. Specificity values for the AIBS-derived dataset were gener-
ated using gene-level exonic reads and the “generate.celltype.data”
function of the EWCE package (https://github.com/NathanSkene/
EWCE)74. Specificity values for both datasets and the code used to
generate these values are openly available at: https://github.com/
RHReynolds/MarkerGenes.

Heritability & genetic correlation
Heritability of RBD and shared heritability across traits (genetic cor-
relation) were calculated in clinically confirmed cases of iRBD using
linkage-disequilibrium (LD) score regression on LDHub (http://ldsc.
broadinstitute.org/ldhub/)75,76. Traits for shared heritability tests were
chosen based on previous association to a synucleinopathy (e.g.,
smoking behaviors, education levels) and relevance to RBD (e.g., sleep
disorders). Owing to the limited sample sizes in this GWAS, we chose a
hypothesis-driven genetic correlation study rather than an unbiased
approach using all available LDHub traits. Summary statistics for the
compared traits were accessed through the LDHub platform or
downloaded from publicly available sources, then formatted and
analyzed using LDHub python v2.7 scripts. Bonferroni correction was
calculated based on the number of traits tested (N = 27, p < 0.0019).
LD-score regression code is available on https://github.com/
lynnekrohn/RBD_GWAS/blob/main/4_LD-regression.md.

IRB statement
Participants provided informed consent and participated in the
research online, under a protocol approved by the external AAHRPP-
accredited IRB, Ethical & Independent Review Services (E&I Review) by
the REB of the Montréal Neurological Institute. Participants were
included in the analysis on the basis of consent status as checked at the
time data analyses were initiated.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The iRBD summary statistics are publicly available on GWAS catalog
(https://www.ebi.ac.uk/gwas/, study accession GCST90204200). The
full GWAS summary statistics for the 23andMe discovery dataset will
be made available through 23andMe to qualified researchers under an
agreement with 23andMe that protects the privacy of the 23andMe
participants. Please visit https://research.23andme.com/collaborate/#
dataset-access/ for more information and to apply to access the data.
The GWAS summary statistics for traits analyzed for genetic correla-
tion with RBD can be found on LDHub (http://ldsc.broadinstitute.org/
ldhub/) or GWAS Catalog (https://www.ebi.ac.uk/gwas/). The quanti-
tative trait loci data used for fine-mapping can be accessed on:
eQTLGen https://www.eqtlgen.org/cis-eqtls.html; PsychENCODE
http://resource.psychencode.org/; GTEx v8 https://www.gtexportal.
org/home/; AIBS https://portal.brain-map.org/atlases-and-data/
rnaseq/human-mtg-smart-seq; and Bryois et al. CNS-specific cell
types https://malhotralab.shinyapps.io/brain_cell_type_eqtl/.
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Code availability
The code for all analyses are publicly available on https://github.com/
lynnekrohn/RBD_GWAS/releases/tag/October202277 except for colo-
calization analyses, which can be found on https://github.com/
RHReynolds/RBD-GWAS-analysis/, including adaptations of pre-
viously published code (https://github.com/jbryois/scRNA_disease
and https://github.com/NathanSkene/EWCE).
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