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Abstract: Polygenic risk scores (PRS) aggregate the effects 
of common genetic variants into a single metric of disease 
predisposition. Many neurological disorders exhibit a poly-
genic architecture, thereby providing a rationale for the ap-
plication of PRS in risk prediction, biological subtyping, and 
stratification of patients to inform clinical decision-making. 
Here, we use restless legs syndrome (RLS) as an inform-
ative translational model to discuss both opportunities 
and current constraints of PRS use in neurology. RLS has 
a well-characterized polygenic component with 164 GWAS 
risk loci, a PRS with moderate case-control discrimination 
(AUC 0.73) when used alone, but showing potential for 
higher performance (AUC 0.82–0.91) in machine-learning 
models incorporating non-genetic variables. We discuss 
how multi-omics integration, PRS-based clinical subgroup-
ing, and rare variant penetrance modification can advance 
PRS development and application in RLS and contextualize 
these developments within the wider landscape of PRS in 
neurological disorders.

Keywords: polygenic risk score, restless legs syndrome, risk 
stratification, multi-omics, wearable sensor

Introduction
The majority of common neurological disorders are poly-
genic conditions in which hundreds to thousands of common 
genetic variants each contribute a small increment to disease 
susceptibility [1]. Genome-wide association studies (GWAS) 
have mapped this architecture with increasing resolution 
over two decades, and polygenic risk scores (PRS) translate 

the resulting summary statistics into an individual-level 
measure of common-variant burden by summing risk alleles 
weighted by their estimated effect sizes [2, 3]. In cardiology, 
PRS have reached the stage of clinical pilot implementation 
[4]. In neurology, PRS are still predominantly explored in a 
research context rather than clinical practice. Here, restless 
legs syndrome (RLS) serves as a use case to guide through for 
PRS application in neurological disorders. Its genetic archi-
tecture is well characterised, with 164 GWAS loci identified 
in 2024 [5], an estimated SNP heritability of around 20–25 %, 
and a substantial amount of this heritability explained by 
only a subset of these loci including a strong-effect anchor 
locus at MEIS1 [6, 7]. PRS constructed from this data, when 
combined with non-genetic information through machine 
learning, have shown the potential to approach AUC values 
required for individual risk stratification [5]. Moreover, RLS 
possesses several quantitative phenotypes, most notably pe-
riodic limb movements during sleep (PLMS), and iron-related 
biomarkers, that are potentially suitable for integration into 
multi-modal stratification models for risk prediction or treat-
ment guidance [8]. However, the current status in RLS also 
reflects important challenges of the PRS field, such as limited 
representation of non-European ancestries in genetic studies, 
variable specificity, scalability, or stage of validation of endo-
phenotypes or biomarkers, as well as the need for large-scale 
datasets with comprehensive genetic and phenotypic data to 
develop and validate prediction models. This combination 
makes RLS a useful model for discussing both the promise 
and current limits of PRS in neurology.

We review the construction and current performance 
of PRS in RLS, sketch a path to improved prediction through 
building multi-modal risk models and clinical subgrouping, 
and contextualize these findings within PRS research in 
Parkinson’s disease (PD), Alzheimer’s disease (AD), multiple 
sclerosis (MS), and epilepsy.

Polygenic risk scores: principles and 
construction
A PRS aggregates the weighted effects of genetic variants 
across the genome into a single score reflecting an indi-
vidual’s genetic liability for a given trait [2]. Construction 
proceeds in two stages: discovery, in which variant effect 
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sizes are estimated from GWAS summary statistics, and 
scoring, in which these effects are summed for each individ-
ual across genotyped or imputed variants. Methods range 
from simple clumping and thresholding (C+T) to Bayesian 
approaches such as LDpred2 and PRS-CS that model linkage 
disequilibrium structure and improve prediction in held-
out samples [9, 10]. For diseases, PRS performance is evalu-
ated by the area under the receiver operating characteris-
tic curve (AUC) for case–control discrimination, odds ratios 
across PRS quantiles, or by pseudo-R2 measures. It depends 
strongly on GWAS discovery sample size, trait heritability, 
and the ancestry match between discovery and target pop-
ulations [11].

Two general limitations warrant explicit statement. 
First, PRS derived from European-ancestry GWAS show 
substantially attenuated accuracy in non-European popu-
lations, reflecting differences in allele frequencies, linkage 
disequilibrium patterns, genetic architecture, and ef-
fect-size heterogeneity [11–13]. For traits where data permit-
ted quantification, 1.6 to 4.5-fold lower genetic prediction 
accuracies were observed when European-trained scores 
are applied to other ancestries [13]. Second, even when a 
PRS is statistically robust, substantial overlap between the 
case and control score distributions often limits its use as a 
stand-alone diagnostic tool [3, 14]. For that reason, the more 
realistic near-term use cases are enrichment of high-risk 
groups, support for mechanistic subgrouping, and combi-
nation with imaging, fluid, physiological or clinical markers 
in multi-modal models for improved risk prediction and 
patient stratification.

Polygenic risk scores in restless legs 
syndrome

Genetic architecture of RLS

RLS, characterised by an urge to move the legs often accom-
panied by unpleasant sensations that emerge at rest and 
worsen in the evening, affects up to 10 % of older adults in 
European populations when defined by the IRLSSG diagnos-
tic criteria alone, whereas clinically relevant RLS, defined 
by at least moderate symptom severity, a frequency of at 
least twice per week and associated distress or functional 
impairment, occurs in approximately 2 – 3 % [8, 15]. This 
distinction is relevant for the design and evaluation of 
PRS-based preventive strategies, because the absolute risk 
increment associated with a high PRS depends on which 
prevalence is used as the baseline. Family and twin studies 

have revealed heritability estimates of 50 – 60 % [16]. While 
families with Mendelian inheritance patterns have been 
described, earlier linkage studies as well as more recent 
whole exome sequencing approaches have not identified 
unequivocal causal variants or genes accounting for mono-
genic forms of RLS [16] In contrast, GWAS have been quite 
fruitful. The first RLS GWAS in 2007 identified three risk loci 
for clinically diagnosed RLS at MEIS1, BTBD9 and MAP2K5/
SKOR1 [17], one of which (BTBD9) was independently iden-
tified in a parallel GWAS focusing on PLMS as the main phe-
notype [18]. Subsequent meta-analyses expanded the locus 
catalogue progressively to 22 loci by 2020 [6, 7]. The largest 
study to date from 2024 combined data from three inde-
pendent GWAS (clinical-RLS cohort EU-RLS-GENE, blood-do-
nor cohort INTERVAL and research participating customers 
from 23andMe (116,647 cases, 1,546,466 controls) and iden-
tified 164 independent risk loci, an eightfold increase over 
the previous largest study [5].

With a per-allele odds ratio (OR) of 1.82–2.16 across 
different studies, the association signal in the MEIS1 gene 
(lead SNP rs113851554) is among the largest common-var-
iant effects identified in GWAS of polygenic neurological 
disorders. Other notable examples are variants in APOE 
in Alzheimer’s disease and the HLA-DRB1 locus in multi-
ple sclerosis with per-allele ORs of 3  – 4. In contrast, the 
vast majority of common variants identified through GWAS 
exhibit only modest effect sizes, typically with ORs in the 
range of 1.05–1.2 [54–56]. MEIS1 encodes a homeobox tran-
scription factor involved in the regulation gene expression 
programs during early development, particularly in the 
nervous system, hematopoietic lineages, and limb struc-
tures [19]. Heterozygous Meis1 inactivation in mice pro-
duces hyperactivity at rest-phase onset, partly modelling 
the human symptom profile of RLS [20].

SNP-based heritability for RLS is approximately 20 % 
when estimated in the complete GWAS meta-analysis data 
[5, 6]. This meta-analysis combined individual GWAS which 
used different phenotype definitions and comprised differ-
ent study populations. Analysing them separately showed 
SNP-heritabilities between 14 % and 26 %, with the highest 
estimate obtained in the EU-RLS-GENE dataset which in-
cluded clinical RLS populations only. Interestingly, the 19 
loci identified by 2017 already accounted for roughly 60 % 
of SNP heritability [6].

RLS prevalence differs between both sexes, with women 
being affected twice as often. The larger sample size of the 
2024 meta-analysis allowed sex-stratified GWAS. These anal-
yses demonstrated near-complete genetic overlap between 
sexes (r𝑔 = 0.96), and simulation studies suggested gene-en-
vironment interactions as the primary driver of the higher 
female prevalence [5].
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Reflecting the overall status of the field of GWAS and 
PRS studies, these are largely limited to European-ancestry 
populations for RLS. Some other ancestries, mostly Asian, 
have been explored in small-scale focused candidate gene 
or variant studies. To date, a single GWAS has been con-
ducted in individuals from Korea with 325 cases and 2,603 
controls that yielded no genome-wide significant signals 
[21]. PRS performance has not been investigated outside of 
European-ancestry populations. Any non-European PRS ap-
plication based on current summary statistics is therefore 
extrapolation and the expected degree of attenuation rela-
tive to European targets cannot currently be estimated from 
RLS data alone [12, 13].

PRS performance and the extreme-score 
paradigm

PRS for RLS have been developed using both variant-count 
and genome-wide weighting approaches. The 2017 study 
constructed a weighted PRS from 20 genome-wide signif-
icant signals located in 19 risk loci and demonstrated sig-
nificant risk enrichment at the score extremes: individuals 
in the top 0.5 % of the PRS distribution carried an OR of 
17.6 (95 % CI 8.5–42.3, p = 6.9 × 10⁻²⁶) relative to the popu-
lation average, and the upper versus lower quartile com-
parison yielded OR 5.9 (95 % CI 5.3–6.5) [6]. Distribution 
overlap between cases and controls remained substantial 
throughout the middle of the score [6]. The same trends 
for the discriminatory power of PRS-only approaches are 
consistent with what has been observed for other disorders 
[14, 22]. The 2024 study improved prediction by leverag-
ing 216 genome-wide significant lead SNPs. The resulting 
PRS lead SNP score achieved an AUC of 0.73, outperforming 
a genome-wide LDpred2 score (AUC = 0.66, p = 0.0056) in 
this dataset. The non-genetic covariates provided a larger 
baseline contribution than genetic risk alone, showing a 
higher ΔAUC of 0.19–0.27 compared to 0.15–0.23. Combined 
with age, sex, and age of onset in a machine-learning frame-
work, the overall performance achieved AUCs of 0.82–0.91 
[5], representing an additional ΔAUC of 0.13 to 0.21 on top. 
This demonstrates the significant contribution of the PRS, 
providing an incremental but consistent contribution to the 
distributional extremes. These estimates were obtained in 
cross-validation designs and in hold-out samples. Further 
validation in external independent datasets is needed to 
assess their transferability and performance across more 
diverse cohorts. The clinical model suggested by these data 
is not population-wide screening but targeted enrichment: 
PRS identifies individuals at the distributional extremes 
for whom the absolute risk increment is large enough to 

justify prospective surveillance, early symptom monitoring 
and preventive intervention. Given that RLS is substantially 
underdiagnosed and that long-term pharmacological treat-
ment is complicated by augmentation under dopamine ag-
onists, which has led current clinical practice guidelines to 
favour alpha-2-delta ligands as first-line therapy [8, 15, 52, 
53], identifying high-risk individuals before symptom onset 
opens the door to preventive strategies and therefore has 
tangible clinical value.

Towards PRS-guided patient stratification 
and individualized treatment

Beyond population-level risk prediction, PRS-based iden-
tification of clinically meaningful subgroups within the 
diagnosed patient population remains substantially un-
explored. RLS is phenotypically heterogeneous: age of 
onset ranges from childhood to late adulthood, severity 
varies from mild intermittent symptoms to severe nightly 
disease, the response to available treatment options such 
as dopamine agonists, gabapentinoids, or iron supplemen-
tation is variable, and augmentation rates under long-term 
dopamine agonist therapy differ substantially between 
individuals [8, 15]. If this clinical heterogeneity reflects in 
part distinct genetic subtypes, PRS analyses stratified by 
subphenotype could reveal different genetic architectures 
for early- versus late-onset disease, treatment-responsive 
versus treatment-nonresponsive patients, or for augmenta-
tion-prone versus augmentation-resistant patients.

In principle, a PRS trained on early-onset cases could 
identify a biologically distinct subgroup for whom the mech-
anistic target is more clearly defined. Treatment selection, 
particularly the choice between dopamine agonists, alpha-
2-delta ligands and iron therapy, could in future be guided 
by genetic profile. Pathway-specific PRS, analogous to the 
lysosomal and immune pathway scores constructed for PD 
[23], represent a natural methodological extension: scores 
focused on dopaminergic, glutamatergic and iron homeo-
stasis loci could be constructed separately and tested for 
differential associations with clinical response outcomes. 
The subgrouping agenda requires future prospective cohort 
data with standardised phenotyping, treatment records and 
long-term follow-up.

Integrating complementary omics layers into mul-
ti-modal risk models offers a further avenue for refining in-
dividual risk prediction. The predictive ceiling of the PRS as 
a purely genotype-based measure is set by the SNP heritabil-
ity of the trait, approximately 20 % for RLS. Based on the ob-
served impact of non-genetic factors in the machine-learn-
ing risk prediction models for RLS as well as the suggested 
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gene-environment interactions playing a role in the higher 
female prevalence, multi-modal prediction models in-
tegrating diverse data layers are a promising approach  
in RLS.

Expression quantitative trait locus (eQTL) data offer a 
first extension. The 2024 RLS GWAS used cis-eQTL annota-
tion to prioritise candidate effector genes at several loci in-
cluding glutamate receptors GRIA1 and GRIA4, both targets 
of existing anticonvulsants [5]. Extension to a transcrip-
tomic risk score (TRS), in which observed blood or tissue 
gene expression levels rather than genotypes serve as pre-
dictors, could capture both genetic regulation (via cis-eQTL 
effects partly shared with the PRS) and non-genetic mod-
ulators of transcript abundance, including environmental 
exposures, cell-type composition, medication and ageing. By 
incorporating these dynamic contributions, a TRS could in 
principle explain a larger fraction of phenotypic variance 
than genotype alone.

Plasma proteomics represent a second layer with im-
mediate clinical relevance. Iron metabolism parameters, 
including ferritin, transferrin saturation and soluble trans-
ferrin receptor, are established disease modifiers and are 
routinely measured in clinical practice [8]. Their systematic 
inclusion in composite prediction models is supported by 
observational data but has not been evaluated in a prospec-
tive PRS-stratified design.

Epigenomic data constitute a third layer. Epige-
nome-wide association studies in RLS have developed first 
epigenetic risk scores based on methylation profiles in 
blood and selected brain tissue samples, but their predictive 
power as a single-modality-score was limited and evalua-
tion in combined models has not been performed [24, 25]. 
Finally, Metabolomics presents a fourth layer that is largely 
unexplored in RLS, so far. However, the causal relationship 
between RLS and type 2 diabetes suggested by Mendelian 
randomisation analyses [5] could point towards shared met-
abolic dysregulation potentially detectable at the metabolite 
level before clinical disease onset. The integration of these 
layers within machine-learning frameworks trained on bi-
obank-scale data, with nested cross-validation to prevent 
overfitting, represents the next methodological frontier for 
RLS risk prediction.

Wearables and polysomnography as  
RLS phenotyping layers

A methodological advantage of RLS for PRS-based research 
is the availability of an objective, quantifiable endopheno-
type that extends beyond symptom-based diagnosis and 
binary case–control classification. Periodic limb move-

ments during sleep (PLMS), present in approximately 80 % 
of RLS patients, are measurable by polysomnography (PSG) 
and provide a continuous neurophysiological outcome 
variable with established inter-laboratory reliability [8, 
15]. PSG-derived PLMS indices, particularly the periodic 
limb movement index (PLMI), have been used as continu-
ous outcome measures in published cohort studies [26, 27]. 
These observations support the use of PLMS as a quantita-
tive intermediate phenotype for PRS validation and multi-
modal modelling, although the use of PLMS as a primary 
endpoint in PRS-stratified prospective studies has not yet 
been reported.

In principle, research and consumer-grade acceler-
ometry offers a scalable complement to PSG.  At present, 
evidence supports lower-limb actigraphy, rather than con-
sumer-grade wrist-worn accelerometry. In a recent valida-
tion study, leg actigraphy with the SOMNOwatch system 
achieved a sensitivity of 86.7 % and a specificity of 92.3 % 
for PLMS detection against PSG, supporting its potential use 
for research phenotyping in larger cohorts [28]. Large-scale 
resources such as the UK Biobank accelerometry substudy, 
which includes 7-day wrist-accelerometry recordings in 
more than 100,000 participants, allow to study accelerom-
eter-derived movement or sleep abnormalities associated 
with genetic liability. This concept is indirectly supported 
by prior UK Biobank work showing that accelerometer-de-
rived sleep traits capture signals at known RLS loci, includ-
ing MEIS1 and BTBD9 [29]. The German National Cohort 
(NAKO Gesundheitsstudie), with a large accelerometry sub-
study nested in its more than 200,000 participants, repre-
sents a comparable European resource that could in princi-
ple support analogous PRS-stratified analyses of movement 
and sleep phenotypes. PRS-stratified subgroup analyses 
in such datasets are therefore methodologically plausible 
and subclinical RLS-related motor abnormalities could be 
investigated in PRS-defined groups. Longitudinal electronic 
health record data, including iron supplementation pre-
scription histories, dopaminergic medication trajectories 
and comorbidity accumulation patterns, further enrich  
such designs.

The integration of quantitative PSG-derived PLMS 
measures, lower-limb wearable proxy measures, and 
genomic risk information is of interest in RLS because it 
links inherited susceptibility to an objective intermediate 
phenotype that can be followed longitudinally. It provides 
a useful translational framework in a condition that is 
otherwise largely defined by subjective symptoms. Such a 
data structure could support longitudinal mixed-effects or 
machine-learning models that test how genetic risk is ex-
pressed as progressive endophenotypic change during pre-
clinical and early symptomatic phases.
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PRS in other neurological disorders: 
a comparative perspective
The following subsections summarise PRS performance and 
translational utility for four neurological conditions that 
differ from RLS in genetic architecture, available biomark-
ers and clinical context. A consistent pattern across all five 
disorders is that PRS derived from large European-ancestry 
GWAS achieve moderate-to-good case-control discrimina-
tion, are routinely validated in European populations but 
not in non-European populations, and that clinical utility of 
PRS alone is limited relative to combined models.

Parkinson disease

PD has a well-characterised polygenic component alongside 
well-known monogenic forms. The 2019 meta-analysis by 
Nalls et al. identified 90 independent risk variants across 
78 GWAS loci [30]. A large-scale multi-ancestry GWAS for 
PD has been conducted in European, East Asian, Latin 
American, and African ancestry group and identified 78 
genome-wide significant loci, including 12 potentially novel 
loci [31]. PRS for PD achieve AUCs of 0.62–0.69 for case–
control discrimination and replicated across UK Biobank, 
FinnGen and multiple European clinical cohorts [32, 33]. 
Beyond disease risk, PRS have been associated with earlier 
age at onset and, in some but not all cohorts, faster cognitive 
and motor decline, with inconsistency likely reflecting clini-
cal heterogeneity within the PD diagnosis [32, 34].

The most productive PRS development in PD has been 
biological pathway stratification. A lysosomal pathway PRS 
predicts cognitive decline more accurately than the overall 
disease-risk PRS [34], illustrating that the genetic heteroge-
neity within PD can be partially resolved by constructing 
scores around specific biological mechanisms. Immune 
pathway PRS similarly show differential associations with 
clinical subtypes [23]. This pathway-specific approach is di-
rectly transferable to RLS, where dopaminergic, glutama-
tergic and iron homeostasis loci could anchor separate sub-
scores. PRS have also been applied in PD prodromal cohorts, 
where higher scores associate with a greater probability of 
meeting the Movement Disorder Society (MDS) research 
criteria for prodromal Parkinson’s disease, which combine 
age-adjusted risk and prodromal markers (including REM 
sleep behaviour disorder, hyposmia, autonomic dysfunc-
tion, and subtle motor signs) into a probability estimate 
of underlying neurodegeneration [35], [51], suggesting that 
genetic risk stratification could support earlier intervention 
trials.

Alzheimer disease

AD genetics is dominated by the APOE locus, where the ε4 
allele confers a three- to tenfold risk increase depending 
on zygosity. Beyond APOE, a 2022 GWAS identified over 80 
loci enriched in microglial and immune pathways [36]. AD 
PRS including APOE achieve AUCs of 0.62–0.75, replicated 
in ADNI, BioFINDER and EPAD for conversion from mild 
cognitive impairment to dementia [37]. PRS performance 
benchmarking showed that models integrating APOE sep-
arately from the remaining PRS reached higher AUCs com-
pared to including APOE in the PRS [38]. The most clinically 
relevant advance has been the combination of AD PRS with 
fluid biomarkers: combining the PRS with CSF or plasma 
amyloid and tau measurements improves prognostic ac-
curacy substantially and enables finer stratification of 
individuals at the pre-dementia stage [39]. This biomark-
er-plus-PRS model is directly analogous to the iron-bio-
marker-plus-PRS framework proposed for RLS, and the AD 
experience suggests that the incremental value of adding 
molecular biomarkers to a PRS is substantial and clinically  
actionable.

Multiple sclerosis

MS has the largest GWAS locus catalogue of the disorders 
reviewed here, with over 200 susceptibility loci, the HLA 
region contributing a disproportionate share of genetic risk 
[40]. MS PRS achieve AUCs of 0.73–0.80 in European-ances-
try cohorts, and individuals in the top 10 % of the distribu-
tion carry a 5- to 15-fold elevated risk relative to the pop-
ulation median [41]. Replication is well established across 
Swedish, UK and Dutch birth-cohort studies [42].

MS represents the strongest current candidate among 
neurological conditions for PRS-guided clinical surveil-
lance. The rationale is straightforward: highly effective 
disease-modifying therapies exist whose benefit is greatest 
when initiated early in the disease course, before irrevers-
ible neurological damage accumulates. PRS could identify 
high-risk first-degree relatives of affected patients for tar-
geted monitoring with MRI and cerebrospinal fluid bio-
markers, allowing treatment initiation at the earliest radio-
logically isolated or clinically isolated syndrome stage. This 
application is proposed based on existing PRS performance 
data. So far, prospective surveillance trials using PRS selec-
tion criteria have not been reported. Non-European studies 
remain sparse, limiting current applicability outside Euro-
pean-ancestry populations.
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Epilepsy: from risk prediction to treatment 
guidance

Epilepsy is the neurological condition for which the trans-
lational argument for PRS moves most directly from risk 
prediction to clinical decision-making. An ILAE Consortium 
GWAS identified 26 risk loci, with markedly different genetic 
architectures for genetic generalised epilepsy (GGE; SNP her-
itability 30–40 %) and non-acquired focal epilepsy (NAFE; SNP 
heritability 9 – 16 %) [43]. This architectural distinction has 
direct clinical implications, because GGE and NAFE require 
different antiseizure medications, and misclassification at 
the time of a first unspecified seizure event is common.

A FinnGen analysis by Heyne et al. provides an excel-
lent example of PRS with potential for informing a treat-
ment decision: individuals with a GGE PRS above two stand-
ard deviations had a 37 % probability of developing GGE 
within ten years of an initial seizure, compared with 5.6 % 
for those below –2 standard deviations [44]. This difference 
is clinically relevant because the decision to initiate antisei-
zure medication after a first event, and the choice of agent, 
depends substantially on the probability that the event 
represents the first manifestation of a defined epilepsy syn-
drome. A high GGE PRS at first presentation would support 
early initiation of broad-spectrum antiseizure medication 
and discourage the use of sodium channel blockers, which 
may exacerbate absence and myoclonic components of 
GGE. This application uses PRS to inform medication selec-
tion rather than simply quantify risk, and is among the most 
concrete clinical use cases reviewed here. The FinnGen 
finding has not yet been externally replicated and should 
be treated as provisional.

Rare variants and polygenic  
background: a brief note
The integration of common-variant PRS with high-impact 
rare variants is an emerging methodological approach with 
direct relevance to RLS. Evidence for a joint contribution of 
both types of genetic variation to disease risk and clinical 
expression in neurological disorders is most advanced for 
Parkinson’s disease and epilepsy. In Parkinson’s disease, 
penetrance among carriers of LRRK2 p.G2019S is modified 
by polygenic background, indicating that common-variant 
burden contributes to whether a carrier develops disease 
[45]. Similar observations have now been reported for 
GBA1-associated Parkinson’s disease, in which both variant 
severity and Parkinson’s disease PRS influence carrier risk 
[46]. In epilepsy, polygenic background has been associated 

with penetrance and phenotypic expression in families 
carrying rare variants linked to monogenic epilepsies [47], 
and common epilepsy risk variants are enriched in multi-
plex families that had previously been investigated for rare 
monogenic causes [48]. Together, these findings support a 
model in which rare variants establish a major baseline sus-
ceptibility, while common-variant burden shifts penetrance, 
severity, age at onset, or specific phenotypic expression.

In RLS, rare coding variants in MEIS1 have been iden-
tified in familial RLS and functionally implicated in disease 
biology, including the missense variant MEIS1 p.R272H, 
which was also reported in a familial RLS case series with an 
unaffected carrier, consistent with reduced penetrance [49, 
50]. These variants are plausible first targets for PRS-by-ra-
re-variant analyses in RLS.

Conclusion and outlook
Three research priorities are clear for restless legs syn-
drome. First, non-European GWAS are urgently needed. 
The complete absence of non-European RLS replication 
data is both a scientific limitation and an equity concern, 
and trans-ancestry meta-analysis must be a central goal of 
the next wave of RLS genetic studies. Second, prospective 
PRS-stratified cohort studies should be established, incorpo-
rating wearable-derived continuous phenotyping and longi-
tudinal iron biomarker monitoring, to test whether genetic 
risk stratification translates into earlier diagnosis, targeted 
prevention and improved treatment outcomes. Third, PRS-
based clinical subgrouping, informed by pathway-specific 
scores and multi-omics data, should be pursued to deter-
mine whether genetic subtypes within the RLS diagnosis 
predict differential treatment responses.

The comparative evidence from PD, AD, MS and epi-
lepsy confirms that the value of PRS in neurology extends 
well beyond simple risk prediction. In epilepsy, PRS can for 
example inform the decision to treat after a first seizure and 
guide medication choice. In MS, PRS can stratify first-de-
gree relatives for surveillance, and in PD, pathway-specific 
scores dissect clinical heterogeneity. RLS, with its well-de-
fined genetic signals, modifiable risk factors, objective 
endophenotypes and substantial unmet clinical need, pro-
vides a suitable translational model for this broader effort.

Research ethics: Not applicable.
Informed consent: Not applicable.
Author contributions: All authors have accepted respon-
sibility for the entire content of this manuscript and ap-
proved its submission.



Juliane Winkelmann, Barbara Schormair, Polygenic risk scores in neurological disorders   217

Use of Large Language Models, AI and Machine Learning 
Tools: LLM-based tools were used solely for language re-
finement. After using these tools, the authors reviewed and 
edited the content as needed and take full responsibility for 
the content of the publication.
Conflict of interest: The authors state no conflict of interest.
Research funding: None declared.
Data availability: Not applicable.

References
[1]	 Visscher PM, Yengo L, Cox NJ, Wray NR (2021) Discovery and 

implications of polygenicity of common diseases. Science 
373(6562):1468–73. doi: 10.1126/science.abi8206.

[2]	 Chatterjee N, Shi J, Garcia-Closas M (2016) Developing and 
evaluating polygenic risk prediction models for stratified disease 
prevention. Nat Rev Genet 17(7):392–406. doi: 10.1038/nrg.2016.27.

[3]	 Torkamani A, Wineinger NE, Topol EJ (2018) The personal and 
clinical utility of polygenic risk scores. Nat Rev Genet 19(9):581–90. 
doi: 10.1038/s41576-018-0018-x.

[4]	 Schunkert H, Di Angelantonio E, Inouye M, Patel RS, Ripatti S, Widen 
E, et al. (2025) Clinical utility and implementation of polygenic risk 
scores for predicting cardiovascular disease: A clinical consensus 
statement of the ESC Council on Cardiovascular Genomics, the ESC 
Cardiovascular Risk Collaboration, and the European Association 
of Preventive Cardiology. Eur Heart J 46(15):1372–83. doi: 10.1093/
eurheartj/ehae649.

[5]	 Schormair B, Zhao C, Bell S, Didriksen M, Nawaz MS, Schandra N, et 
al. (2024) Genome-wide meta-analyses of restless legs syndrome 
yield insights into genetic architecture, disease biology and risk 
prediction. Nat Genet 56(6):1090–9. doi: 10.1038/s41588-024-01763-1.

[6]	 Schormair B, Zhao C, Bell S, Tilch E, Salminen AV, Putz B, et al. 
(2017) Identification of novel risk loci for restless legs syndrome 
in genome-wide association studies in individuals of European 
ancestry: a meta-analysis. Lancet Neurol 16(11):898–907. doi: 
10.1016/S1474-4422(17)30327-7.

[7]	 Didriksen M, Nawaz MS, Dowsett J, Bell S, Erikstrup C, Pedersen 
OB, et al. (2020) Large genome-wide association study identifies 
three novel risk variants for restless legs syndrome. Commun Biol 
3(1):703. doi: 10.1038/s42003-020-01430-1.

[8]	 Trenkwalder C, Winkelmann J, Inoue Y, Paulus W (2015) 
Restless legs syndrome-current therapies and management 
of augmentation. Nat Rev Neurol 11(8):434–45. doi: 10.1038/
nrneurol.2015.122.

[9]	 Vilhjalmsson BJ, Yang J, Finucane HK, Gusev A, Lindstrom S, Ripke S, 
et al. (2015) Modeling Linkage Disequilibrium Increases Accuracy of 
Polygenic Risk Scores. Am J Hum Genet 97(4):576–92. doi: 10.1016/j.
ajhg.2015.09.001.

[10]	 Prive F, Arbel J, Vilhjalmsson BJ (2021) LDpred2: better, faster, 
stronger. Bioinformatics 36(22–23):5424–31. doi: 10.1093/
bioinformatics/btaa1029.

[11]	 Kullo IJ (2026) Clinical use of polygenic risk scores: current status, 
barriers and future directions. Nat Rev Genet 27(3):246–63. doi: 
10.1038/s41576-025-00900-8.

[12]	 Kachuri L, Chatterjee N, Hirbo J, Schaid DJ, Martin I, Kullo IJ, et al. 
(2024) Principles and methods for transferring polygenic risk scores 

across global populations. Nat Rev Genet 25(1):8–25. doi: 10.1038/
s41576-023-00637-2.

[13]	 Martin AR, Kanai M, Kamatani Y, Okada Y, Neale BM, Daly MJ (2019) 
Clinical use of current polygenic risk scores may exacerbate health 
disparities. Nat Genet 51(4):584–91. doi: 10.1038/s41588-019-0379-x.

[14]	 Khera AV, Chaffin M, Aragam KG, Haas ME, Roselli C, Choi SH, et al. 
(2018) Genome-wide polygenic scores for common diseases identify 
individuals with risk equivalent to monogenic mutations. Nat Genet 
50(9):1219–24. doi: 10.1038/s41588-018-0183-z.

[15]	 Allen RP, Picchietti DL, Garcia-Borreguero D, Ondo WG, Walters AS, 
Winkelman JW, et al. (2014) Restless legs syndrome/Willis-Ekbom 
disease diagnostic criteria: updated International Restless Legs 
Syndrome Study Group (IRLSSG) consensus criteria--history, 
rationale, description, and significance. Sleep Med 15(8):860–73. 
doi: 10.1016/j.sleep.2014.03.025.

[16]	 Winkelmann J, Schormair B, Xiong L, Dion PA, Rye DB, Rouleau GA 
(2017) Genetics of restless legs syndrome. Sleep Med 31:18–22. doi: 
10.1016/j.sleep.2016.10.012.

[17]	 Winkelmann J, Schormair B, Lichtner P, Ripke S, Xiong L, Jalilzadeh 
S, et al. (2007) Genome-wide association study of restless legs 
syndrome identifies common variants in three genomic regions. 
Nat Genet 39(8):1000–6. doi: 10.1038/ng2099.

[18]	 Stefansson H, Rye DB, Hicks A, Petursson H, Ingason A, 
Thorgeirsson TE, et al. (2007) A genetic risk factor for periodic limb 
movements in sleep. N Engl J Med 357(7):639–47. doi: 10.1056/
NEJMoa072743.

[19]	 Schulte D, Geerts D (2019) MEIS transcription factors in 
development and disease. Development 146(16). doi: 10.1242/
dev.174706.

[20]	 Salminen AV, Lam DD, Winkelmann J (2019) Role of MEIS1 in restless 
legs syndrome: From GWAS to functional studies in mice. Adv 
Pharmacol 84:175–84. doi: 10.1016/bs.apha.2019.03.003.

[21]	 Cho CH, Choi JH, Kang SG, Yoon HK, Park YM, Moon JH, et al. 
(2017) A Genome-Wide Association Study Identifies UTRN Gene 
Polymorphism for Restless Legs Syndrome in a Korean Population. 
Psychiatry Investig 14(6):830–8. doi: 10.4306/pi.2017.14.6.830.

[22]	 Mars N, Widen E, Kerminen S, Meretoja T, Pirinen M, Della Briotta 
Parolo P, et al. (2020) The role of polygenic risk and susceptibility 
genes in breast cancer over the course of life. Nat Commun 
11(1):6383. doi: 10.1038/s41467-020-19966-5.

[23]	 Bandres-Ciga S, Saez-Atienzar S, Kim JJ, Makarious MB, Faghri F, 
Diez-Fairen M, et al. (2020) Large-scale pathway specific polygenic 
risk and transcriptomic community network analysis identifies 
novel functional pathways in Parkinson disease. Acta Neuropathol 
140(3):341–58. doi: 10.1007/s00401-020-02181-3.

[24]	 Roy A, Earley CJ, Allen RP, Kaminsky ZA (2021) Developing a 
biomarker for restless leg syndrome using genome wide 
DNA methylation data. Sleep Med 78:120–7. doi: 10.1016/j.
sleep.2020.12.017.

[25]	 Harrer P, Mirza-Schreiber N, Mandel V, Roeber S, Stefani A, Naher S, 
et al. (2023) Epigenetic Association Analyses and Risk Prediction of 
RLS. Mov Disord 38(8):1410–8. doi: 10.1002/mds.29440.

[26]	 Hoxha O, Jairam T, Kendzerska T, Rajendram P, Zhou R, Ravindran 
P, et al. (2022) Association of Periodic Limb Movements With 
Medication Classes: A Retrospective Cohort Study. Neurology 
98(15):e1585-e95. doi: 10.1212/WNL.0000000000200012.

[27]	 Koo BB, Sillau S, Dean DA, 2nd, Lutsey PL, Redline S (2015) Periodic 
limb movements during sleep and prevalent hypertension in the 
multi-ethnic study of atherosclerosis. Hypertension 65(1):70–7. doi: 
10.1161/HYPERTENSIONAHA.114.04193.

mailto:Stephanie.Cornelis@radboudumc.nl
https://doi.org/10.1126/science.abi8206
https://doi.org/10.1038/nrg.2016.27
https://doi.org/10.1038/s41576-018-0018-x
https://doi.org/10.1038/s41576-018-0018-x
https://doi.org/10.1093/eurheartj/ehae649
https://doi.org/10.1038/s41588-024-01763-1
https://doi.org/10.1038/s41588-024-01763-1
https://doi.org/10.1016/S1474-4422(17)30327-7
https://doi.org/10.1038/s42003-020-01430-1
https://doi.org/10.1038/s42003-020-01430-1
https://doi.org/10.1038/nrneurol.2015.122
https://doi.org/10.1038/nrneurol.2015.122
https://doi.org/10.1016/j.ajhg.2015.09.001
https://doi.org/10.1016/j.ajhg.2015.09.001
https://doi.org/10.1093/bioinformatics/btaa1029
https://doi.org/10.1093/bioinformatics/btaa1029
https://doi.org/10.1038/s41576-025-00900-8
https://doi.org/10.1038/s41576-025-00900-8
https://doi.org/10.1038/s41576-023-00637-2
https://doi.org/10.1038/s41588-019-0379-x
https://doi.org/10.1038/s41588-018-0183-z
https://doi.org/10.1016/j.sleep.2014.03.025
https://doi.org/10.1016/j.sleep.2014.03.025
https://doi.org/10.1016/j.sleep.2016.10.012
https://doi.org/10.1038/ng2099
https://doi.org/10.1038/ng2099
https://doi.org/10.1056/NEJMoa072743
https://doi.org/10.1056/NEJMoa072743
https://doi.org/10.1242/dev.174706
https://doi.org/10.1016/bs.apha.2019.03.003
https://doi.org/10.4306/pi.2017.14.6.830
https://doi.org/10.1038/s41467-020-19966-5
https://doi.org/10.1007/s00401-020-02181-3
https://doi.org/10.1007/s00401-020-02181-3
https://doi.org/10.1016/j.sleep.2020.12.017
https://doi.org/10.1002/mds.29440
https://doi.org/10.1212/WNL.0000000000200012
https://doi.org/10.1212/WNL.0000000000200012


218   Juliane Winkelmann, Barbara Schormair, Polygenic risk scores in neurological disorders

[28]	 Spektor E, Fietze I, Poluektov MG (2024) The Validation of the 
SOMNOwatch Actigraphy System for Periodic Limb Movements 
in Sleep Assessment. Clocks Sleep 6(4):568–77. doi: 10.3390/
clockssleep6040038.

[29]	 Jones SE, van Hees VT, Mazzotti DR, Marques-Vidal P, Sabia S, van 
der Spek A, et al. (2019) Genetic studies of accelerometer-based 
sleep measures yield new insights into human sleep behaviour. Nat 
Commun 10(1):1585. doi: 10.1038/s41467-019-09576-1.

[30]	 Nalls MA, Blauwendraat C, Vallerga CL, Heilbron K, Bandres-Ciga 
S, Chang D, et al. (2019) Identification of novel risk loci, causal 
insights, and heritable risk for Parkinson’s disease: a meta-analysis 
of genome-wide association studies. Lancet Neurol 18(12):1091–102. 
doi: 10.1016/S1474-4422(19)30320-5.

[31]	 Kim JJ, Vitale D, Otani DV, Lian MM, Heilbron K, andMe Research T, 
et al. (2024) Multi-ancestry genome-wide association meta-analysis 
of Parkinson’s disease. Nat Genet 56(1):27–36. doi: 10.1038/s41588-
023-01584-8.

[32]	 Paul KC, Schulz J, Bronstein JM, Lill CM, Ritz BR (2018) Association of 
Polygenic Risk Score With Cognitive Decline and Motor Progression 
in Parkinson Disease. JAMA Neurol 75(3):360–6. doi: 10.1001/
jamaneurol.2017.4206.

[33]	 Park M, Lee YG (2024) Association of Family History and Polygenic 
Risk Score With Longitudinal Prognosis in Parkinson Disease. 
Neurol Genet 10(1):e200115. doi: 10.1212/NXG.0000000000200115.

[34]	 Tunold JA, Tan MMX, Toft M, Ross O, van de Berg WDJ, Pihlstrom 
L (2024) Lysosomal Polygenic Burden Drives Cognitive Decline 
in Parkinson’s Disease with Low Alzheimer Risk. Mov Disord 
39(3):596–601. doi: 10.1002/mds.29698.

[35]	 Maraki MI, Hatzimanolis A, Mourtzi N, Stefanis L, Yannakoulia 
M, Kosmidis MH, et al. (2021) Association of the Polygenic Risk 
Score With the Probability of Prodromal Parkinson’s Disease 
in Older Adults. Front Mol Neurosci 14:739571. doi: 10.3389/
fnmol.2021.739571.

[36]	 Bellenguez C, Kucukali F, Jansen IE, Kleineidam L, Moreno-Grau 
S, Amin N, et al. (2022) New insights into the genetic etiology 
of Alzheimer’s disease and related dementias. Nat Genet 
54(4):412–36. doi: 10.1038/s41588-022-01024-z.

[37]	 Mormino EC, Sperling RA, Holmes AJ, Buckner RL, De Jager PL, 
Smoller JW, et al. (2016) Polygenic risk of Alzheimer disease 
is associated with early- and late-life processes. Neurology 
87(5):481–8. doi: 10.1212/WNL.0000000000002922.

[38]	 Bellou E, Kim W, Leonenko G, Tao F, Simmonds E, Wu Y, et al. (2025) 
Benchmarking Alzheimer’s disease prediction: personalised risk 
assessment using polygenic risk scores across various method-
ologies and genome-wide studies. Alzheimers Res Ther 17(1):6. doi: 
10.1186/s13195-024-01664-9.

[39]	 Tan CH, Fan CC, Mormino EC, Sugrue LP, Broce IJ, Hess CP, 
et al. (2018) Polygenic hazard score: an enrichment marker 
for Alzheimer’s associated amyloid and tau deposition. Acta 
Neuropathol 135(1):85–93. doi: 10.1007/s00401-017-1789-4.

[40]	 International Multiple Sclerosis Genetics C, Multiple MSC (2023) 
Locus for severity implicates CNS resilience in progression of 
multiple sclerosis. Nature 619(7969):323–31. doi: 10.1038/s41586-
023-06250-x.

[41]	 Shams H, Shao X, Santaniello A, Kirkish G, Harroud A, Ma Q, et 
al. (2023) Polygenic risk score association with multiple sclerosis 
susceptibility and phenotype in Europeans. Brain 146(2):645–56. 
doi: 10.1093/brain/awac092.

[42]	 Loonstra FC, Alvarez Sirvent D, Tesi N, Holstege H, Strijbis EMM, 
Salazar AN, et al. (2024) Association of Polygenic Risk Score With 

Lifetime Risk of Developing Multiple Sclerosis in a Population-Based 
Birth-Year Cohort. Neurology 103(7):e209663. doi: 10.1212/
WNL.0000000000209663.

[43]	 International League Against Epilepsy Consortium on Complex E 
(2023) GWAS meta-analysis of over 29,000 people with epilepsy 
identifies 26 risk loci and subtype-specific genetic architecture. Nat 
Genet 55(9):1471–82. doi: 10.1038/s41588-023-01485-w.

[44]	 Heyne HO, Pajuste FD, Wanner J, Daniel Onwuchekwa JI, Magi R, 
Palotie A, et al. (2024) Polygenic risk scores as a marker for epilepsy 
risk across lifetime and after unspecified seizure events. Nat 
Commun 15(1):6277. doi: 10.1038/s41467-024-50295-z.

[45]	 Iwaki H, Blauwendraat C, Makarious MB, Bandres-Ciga S, Leonard 
HL, Gibbs JR, et al. (2020) Penetrance of Parkinson’s Disease in 
LRRK2 p.G2019S Carriers Is Modified by a Polygenic Risk Score. Mov 
Disord 35(5):774–80. doi: 10.1002/mds.27974.

[46]	 Hassanin E, Landoulsi Z, Pachchek S, Consortium N-P, Krawitz P, 
Maj C, et al. (2025) Penetrance of Parkinson’s disease in GBA1 
carriers depends on variant severity and polygenic background. NPJ 
Parkinsons Dis 11(1):162. doi: 10.1038/s41531-025-00997-y.

[47]	 Oliver KL, Scheffer IE, Ellis CA, Grinton BE, Epi KC, Berkovic SF, et al. 
(2024) Investigating the effect of polygenic background on epilepsy 
phenotype in ‘monogenic’ families. EBioMedicine 109:105404. doi: 
10.1016/j.ebiom.2024.105404.

[48]	 Oliver KL, Ellis CA, Scheffer IE, Ganesan S, Leu C, Sadleir LG, et 
al. (2022) Common risk variants for epilepsy are enriched in 
families previously targeted for rare monogenic variant discovery. 
EBioMedicine 81:104079. doi: 10.1016/j.ebiom.2022.104079.

[49]	 Schulte EC, Kousi M, Tan PL, Tilch E, Knauf F, Lichtner P, et al. (2014) 
Targeted resequencing and systematic in vivo functional testing 
identifies rare variants in MEIS1 as significant contributors to 
restless legs syndrome. Am J Hum Genet 95(1):85–95. doi: 10.1016/j.
ajhg.2014.06.005.

[50]	 Vilarino-Guell C, Chai H, Keeling BH, Young JE, Rajput A, Lynch T, 
et al. (2009) MEIS1 p.R272H in familial restless legs syndrome. 
Neurology 73(3):243–5. doi: 10.1212/WNL.0b013e3181ae7c79.

[51]	 Berg D, Postuma RB, Adler CH, Bloem BR, Chan P, Dubois B, et al. 
(2015) MDS research criteria for prodromal Parkinson’s disease. 
Mov Disord 30(12):1600–11. doi: 10.1002/mds.26431.

[52]	 Garcia-Borreguero D, Silber MH, Winkelman JW, Högl B, Bainbridge 
J, Buchfuhrer M, et al. (2016) Guidelines for the first-line treatment 
of restless legs syndrome/Willis-Ekbom disease, prevention and 
treatment of dopaminergic augmentation: a combined task force of 
the IRLSSG, EURLSSG, and the RLS-foundation. Sleep Med 21:1–11. 
doi: 10.1016/j.sleep.2016.01.017.

[53]	 Winkelman JW, Berkowski JA, DelRosso LM, Koo BB, Scharf MT, 
Sharon D, et al. (2025) Treatment of restless legs syndrome and 
periodic limb movement disorder: an American Academy of Sleep 
Medicine clinical practice guideline. J Clin Sleep Med 21(1):137–152. 
doi: 10.5664/jcsm.11390.

[54]	 Lambert JC, Ramirez A, Grenier-Boley B, Bellenguez C (2023) Step 
by step: towards a better understanding of the genetic architecture 
of Alzheimer’s disease. eBioMedicine 90:104511. doi: 10.1016/j.
ebiom.2023.104511.

[55]	 International Multiple Sclerosis Genetics Consortium (2019) 
Multiple sclerosis genomic map implicates peripheral immune cells 
and microglia in susceptibility. Science 365(6460):eaav7188. doi: 
10.1126/science.aav7188.

[56]	 Visscher PM, Wray NR, Zhang Q, Sjostrand P, Sidorenko J, Wu Y, et al. 
(2017) 10 years of GWAS discovery: biology, function, and translation. 
Am J Hum Genet 101(1):5–22. doi: 10.1016/j.ajhg.2017.06.005.

https://doi.org/10.1161/HYPERTENSIONAHA.114.04193
https://doi.org/10.1161/HYPERTENSIONAHA.114.04193
https://doi.org/10.3390/clockssleep6040038
https://doi.org/10.1038/s41467-019-09576-1
https://doi.org/10.1016/S1474-4422(19)30320-5
https://doi.org/10.1016/S1474-4422(19)30320-5
https://doi.org/10.1038/s41588-023-01584-8
https://doi.org/10.1038/s41588-023-01584-8
https://doi.org/10.1001/jamaneurol.2017.4206
https://doi.org/10.1212/NXG.0000000000200115
https://doi.org/10.1002/mds.29698
https://doi.org/10.1002/mds.29698
https://doi.org/10.3389/fnmol.2021.739571
https://doi.org/10.1038/s41588-022-01024-z
https://doi.org/10.1212/WNL.0000000000002922
https://doi.org/10.1212/WNL.0000000000002922
https://doi.org/10.1186/s13195-024-01664-9
https://doi.org/10.1007/s00401-017-1789-4
https://doi.org/10.1007/s00401-017-1789-4
https://doi.org/10.1038/s41586-023-06250-x
https://doi.org/10.1093/brain/awac092
https://doi.org/10.1093/brain/awac092
https://doi.org/10.1212/WNL.0000000000209663
https://doi.org/10.1038/s41588-023-01485-w
https://doi.org/10.1038/s41467-024-50295-z
https://doi.org/10.1002/mds.27974
https://doi.org/10.1038/s41531-025-00997-y
https://doi.org/10.1038/s41531-025-00997-y
https://doi.org/10.1016/j.ebiom.2024.105404
https://doi.org/10.1016/j.ebiom.2022.104079
https://doi.org/10.1016/j.ebiom.2022.104079
https://doi.org/10.1016/j.ajhg.2014.06.005
https://doi.org/10.1212/WNL.0b013e3181ae7c79
https://doi.org/10.1002/mds.26431
https://doi.org/10.1016/j.sleep.2016.01.017
https://doi.org/10.5664/jcsm.11390
https://doi.org/10.5664/jcsm.11390
https://doi.org/10.1016/j.ebiom.2023.104511
https://doi.org/10.1016/j.ebiom.2023.104511
https://doi.org/10.1126/science.aav7188


Juliane Winkelmann, Barbara Schormair, Polygenic risk scores in neurological disorders   219

Prof. Dr. med. Juliane Winkelmann
Institute of Human Genetics
TUM School of Medicine and Health
Technical University of Munich
Ismaningerstr. 22
81675 Munich, Germany
e-mail: juliane.winkelmann@tum.de
https://orcid.org/0000-0002-3074-599X

Dr. Barbara Schormair
Institute of Neurogenomics
Helmholtz Center Munich
German Research Center for Environmental 
Health
Ingolstädter Landstr. 1
85764 Neuherberg, Germany
e-mail: barbara.schormair@ 
helmholtz-munich.de
https://orcid.org/0000-0003-0942-5243

mailto:juliane.winkelmann@tum.de
https://orcid.org/0000-0002-3074-599X
https://orcid.org/0000-0003-0942-5243



