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Abstract
Parkinson’s disease (PD) is clinically and biologically heterogeneous. We tested whether polygenic
variation alone could identify early PD subtypes with distinct longitudinal outcomes and replication
cohorts. We analyzed whole genome sequencing from 1,419 participants across the Parkinson’s
Progression Markers Initiative (PPMI), Parkinson’s Disease Biomarkers Program (PDBP), and STEADY-PD
III trial cohort (STEADY). An autoencoder trained on 1,050 nonanalytic participants learned
representations from 98 PD risk and progression variants. Gaussian mixture modeling was then applied
to 369 analytic participants, with the PPMI used for discovery (n = 265) and PDBP plus STEADY for
validation (n = 104). Three genetically derived clusters were identified (C1, C2 and C3). C1 had the fastest
and C3 the slowest MDS-UPDRS III progression in discovery (3.21 vs 2.14 points/year; p = 0.0072), a
pattern replicated in validation (3.21 vs 0.49 points/year; p = 0.0034). Gait and posture progression were
higher in C1, whereas rigidity progression was higher in C2, across datasets. In extended PPMI analyses,
deep brain stimulation was more frequent in C1 than C2 and C3 (21.7%, 14.1%, and 13.6%), with lower
age-adjusted hazards in C2 and C3 than C1 (HR 0.40, p = 0.013; HR 0.35, p = 0.0099). Clinical trial
simulations suggested that enriching cohorts with C1 participants could reduce required sample size up
to 45.4%. These findings support baseline genomic subtyping as a reproducible strategy to identify early
PD subgroups with different motor trajectories and treatment-related milestones.

Introduction
Parkinson's disease (PD) is increasingly recognized as a heterogeneous disorder rather than a single
clinicopathological entity. Patients may share core diagnostic features but differ in motor and non-motor
manifestations, progression trajectories, genetic backgrounds, pathology, and treatment-related
outcomes1. This heterogeneity makes PD a strong candidate for precision medicine and places
meaningful subtyping at the center of efforts to predict progression, treatment response, and biological
mechanisms2,3.

Multiple approaches have attempted to stratify PD into more homogeneous groups. Early clinical
classifications, such as tremor-dominant and postural instability gait disorder subtypes, were
hypothesis-driven and useful for recognizing clinical variability, but they impose predefined categories on
a multidimensional disease and may be unstable over time4,5. Data-driven approaches have addressed
part of this limitation by allowing subtypes to emerge from multidimensional data, and recent studies
have identified groups associated with distinct clinical trajectories and biomarker profiles6,7. However,
the broader data-driven literature remains difficult to translate into practice because many studies have
limited longitudinal evaluation, incomplete external validation, lack a patient-level assignment tool, and
continue to rely on clinical variables that are vulnerable to medication state, assessment timing, rater
variability, within-subject fluctuation, and patient-reported symptoms2,8,9.

Genetic variation is an objective and stable input for PD subtyping, with evidence linking genetic profiles
to PD risk, clinical heterogeneity, and longitudinal progression. Monogenic and risk gene studies indicate
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that genetically defined forms of PD differ in age at onset, motor and cognitive progression, and other
clinical features, while GWAS show that common variants contribute to the heritable risk of PD and may
influence motor and cognitive outcomes10–12. Despite this rationale, genetic data remain underused in
PD subtyping, which has relied mainly on clinical variables2. Therefore, we aimed to test whether
clustering based solely on polygenic genomic data, independently of clinical information, could identify
clinically-meaningful PD subtypes with distinct longitudinal motor progression, treatment-related
outcomes, and biomarker profiles.

Results

Cohort and baseline cluster characteristics
The analytic sample included participants from PPMI (n = 265), PDBP (n = 42), and STEADY (n = 62). The
PPMI, PDBP, and STEADY cohorts were comparable in terms of age, sex, years of education, race, family
history, baseline MDS-UPDRS III scores, and polygenic risk scores (Table 1). Modest but statistically
significant differences were observed in disease duration, which was slightly longer in PDBP than in
PPMI (mean 1.0 vs 0.6 years, p = 0.001), Hoehn and Yahr stage (p = 0.017), and MDS-UPDRS I and II
scores, which were highest in PDBP and lowest in STEADY (p = 0.015 and p = 0.007, respectively). More
pronounced differences were noted in baseline dopaminergic therapy use, which was highest in PDBP
and lowest in PPMI (97.6% vs 18.1%, p < 0.001), MoCA scores, which were lowest in PDBP and highest in
STEADY (25.8 vs 27.8, p < 0.001), and the frequency of pathogenic LRRK2 carriers, which was highest in
PPMI (14.7%, p = 0.002; Table 1).

Three genetically-derived clusters based on previously described PD risk and progression SNPs were
identified in both the discovery and validation cohorts (C1, C2, and C3). At baseline, the clusters were
comparable in age, sex, years of education, family history, disease duration, Hoehn and Yahr stage,
dopaminergic therapy use, MDS-UPDRS I total score, MoCA score, risk PRS, and progression PRS. In
PPMI, race differed across clusters, with white race ranging from 90.2% in C1 to 100% in C3 (p = 0.012),
but this difference was not observed in PDBP plus STEADY. Pathogenic variants in LRRK2, SNCA, and
PRKN did not differ across clusters. Pathogenic GBA1 variants differed only between PDBP and STEADY,
being present in C1 and C2 but absent in C3 (15.4%, 13.5%, and 0%, respectively; p = 0.039; Table 2).

Motor progression differences between clusters
MDS-UPDRS II scores did not differ between clusters at baseline, year 3, or in yearly progression in either
cohort. MDS-UPDRS III scores did not differ at baseline in either cohort, but differed at year 3 in both
datasets, with higher scores in C1 and lower scores in C3. In PPMI, year 3 MDS-UPDRS III scores were
31.0 in C1 and 26.0 in C3 (overall p = 0.045; C1 vs C3 p = 0.015). In PDBP plus STEADY, the
corresponding values were 30.0 and 22.4 (overall p = 0.036; C1 vs C3 p = 0.008; Table 3 and Fig. 2).
Yearly MDS-UPDRS III progression also differed across clusters in both cohorts, ranging from 3.21
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points/year in C1 to 2.14 in C3 in PPMI (overall p = 0.0072; C1 vs C3 p = 0.0203), and from 3.21 in C1 to
0.49 in C3 in PDBP plus STEADY (overall p = 0.0034; C1 vs C3 p = 0.0008; Table 3 and Fig. 2).

In motor subscore analyses, gait and posture and rigidity were the only domains with yearly progression
differences in both cohorts. Gait and posture progression was higher in C1 than in C3 in PPMI (0.54 vs
0.39 points/year, p = 0.020), and higher in C1 than in C2 and C3 in PDBP plus STEADY (0.85 vs 0.09 and
0.23 points/year, both p < 0.0001). Rigidity progression also differed between the cohorts, mainly due to
greater progression in C2 than in C3 in PPMI (0.64 vs 0.37 points/year, p = 0.001) and in PDBP plus
STEADY (0.48 vs − 0.13 points/year, p = 0.003). Tremor, bradykinesia, and speech scores did not show
consistent differences across datasets (Supplementary Table 2).

Long-term DBS and treatment-related outcomes
In PPMI, over up to 10 years of follow-up, DBS occurred in 20 of 92 C1 participants, 13 of 92 C2
participants, and 11 of 81 C3 participants, corresponding to crude event rates of 21.7%, 14.1%, and
13.6%, respectively. Kaplan-Meier analysis was not significant (p = 0.2402; Fig. 3). However, in Cox
regression adjusted for baseline age, C2 and C3 had lower hazard ratios for DBS surgery than C1: HR
0.40, 95% CI 0.19 to 0.82, p = 0.013, and HR 0.35, 95% CI 0.16 to 0.78, p = 0.0099, respectively. Older
baseline age was also associated with lower DBS hazard, HR per 10 years 0.41, 95% CI 0.30 to 0.55, p < 
0.0001 (Supplementary Table 3).

In PPMI, longitudinal treatment analyses over up to 10 years showed no overall LEDD differences
between clusters (Supplementary Table 4). LEDD increased in all clusters, with estimated yearly slopes
of 93.5 units/year in C1, 70.1 in C2, and 86.9 in C3. Compared with C1, C2 had a lower yearly LEDD
increase (β = −23.49 units/year, 95% CI − 38.16 to − 8.81, p = 0.0017; Supplementary Table 5). There were
no overall or trajectory differences in levodopa response between clusters (Supplementary Tables 6 and
7).

Biomarker characterization
Baseline analyses showed no adjusted cluster differences for CSF Aβ1–42, CSF alpha synuclein, CSF
hemoglobin, GFAP, CSF NfL, serum NfL, CSF a-synuclein, pTau, or tTau (Supplementary Table 8). SAA
positivity was numerically higher in C1 and C2 than in C3, but did not reach statistical significance
(92.0%, 90.9%, and 80.8%, respectively; overall p = 0.052; C1 vs C3 p = 0.060). Among SAA kinetic
measures, the mean time to maximum slope at 24 h was higher in C1 than in C2 and C3 (11.6 h vs 9.7 h
and 9.6 h; overall p = 0.026). Other SAA kinetic measures did not differ across clusters (Supplementary
Table 9).

Clinical trial enrichment calculations
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In the prespecified enrichment analysis, the original cohort distribution, in which C1 represented 32% of
participants, required 388 participants per arm. Increasing the C1 fraction to 50%, 75%, and 100%
reduced the required sample size to 329, 264, and 212 participants per arm, corresponding to reductions
of 15.2%, 32%, and 45.4%, respectively (Fig. 4 and Supplementary Table 10).

Discussion
In this study, we used genomic data to identify early PD subtypes associated with longitudinal motor
progression across independent cohorts. Three genetically-derived clusters were identified (C1, C2, and
C3), with C1 showing the most consistent pattern of faster motor progression over the first three years.
This finding was observed in the PPMI discovery cohort and replicated in the PDBP/STEADY external
validation cohort, with higher yearly MDS-UPDRS III progression in C1 and lower progression in C3,
accompanied by parallel differences in gait, posture, and rigidity progression. These motor progression
findings were not explained by baseline demographic or clinical differences unrelated to the subtyping
process. Longer-term analyses, available in PPMI with up to 10 years of follow-up, showed a higher
cumulative incidence of DBS surgery in C1, with lower age-adjusted DBS hazard ratios in C2 and C3 than
in C1, whereas C2 showed a lower yearly LEDD increase than C1. Together, these findings show that
SNP-based subtype assignment can identify early PD patients with different motor progression
trajectories.

By using polygenic SNP information as the primary input, with no clinical data, our study tested whether
baseline genetic variation could identify subgroups that later diverged in motor progression. This
provides a different perspective from most data-driven longitudinal studies, which have defined PD
progression subtypes based on clinical variables or clinical trajectories2,6,7. Clinical data remain
essential for determining whether a subtype is meaningful, and our own post hoc analysis relied on
longitudinal motor outcomes. However, clinical scales can be influenced by medication status, disease
stage at assessment, inter-rater variability, within-subject fluctuations, and patient-reported symptoms8,9.
Genomics data offer a fixed, objectively measured, baseline input that can be applied before longitudinal
clinical divergence becomes evident. In this context, the motor progression differences observed in our
study suggest that polygenic information derived from known PD risk and progression SNPs can support
a genetics-driven approach to PD subtype discovery.

The replication of the motor progression pattern in PDBP/STEADY addresses a central limitation in PD
subtyping: external validation remains uncommon, and other data-driven studies have identified
subtypes without independent cohort testing23–25, a limitation also emphasized in recent critical and

purpose-driven frameworks for PD subtyping2,3. Even among validated or multicohort studies,
interpretation may remain constrained by baseline comparability, outcome harmonization, and treatment
state6,26,27. In several of these studies, faster-progressing or clinically distinct subtypes already differed
at baseline in age at diagnosis, sex, Hoehn and Yahr stage, motor phenotype, treatment exposure, LEDD,
baseline motor severity, cognition, sleep, autonomic measures, or age at onset, depending on the
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study7,26,27. These differences make it difficult to determine whether longitudinal divergence reflects a
reproducible subtype signal or pre-existing clinical and demographic structure.

Medication state adds another source of possible heterogeneity, because longitudinal MDS-UPDRS III
assessments should ideally be compared under similar medication conditions to reduce treatment-
related bias28. However, several longitudinal subtyping studies did not explicitly require same state MDS-
UPDRS III assessments at baseline and follow up, or addressed treatment effects indirectly through
several different means6,7,26,27. In our study, subtype assignment was based on genomic data, motor
outcomes were evaluated downstream, and analyses were restricted to early PD with harmonized 3 year
follow up, same state MDS-UPDRS III assessments in either cohort. This study design makes it less likely
that the motor progression pattern reflects baseline severity, treatment state, or cohort composition
alone.

We identified a higher cumulative incidence of DBS in C1 than in C2 and C3 in Cox proportional hazards,
baseline-age-adjusted models. Previous genetic studies of DBS in PD have focused mainly on whether
monogenic variants modify post-surgical outcomes, particularly in LRRK2, GBA1, and PRKN-associated
disease29–32. The polygenic background has only recently been examined as a potential modifier of DBS
response33. Our findings address a different question: whether common-variant-based genomic
structure can identify patients more likely to reach an advanced treatment milestone, rather than
modifying outcomes after DBS has already been performed. This distinction is relevant because
purpose-driven PD subtyping has been proposed as a means of prognostication and treatment selection,
and DBS studies have emphasized that improved prediction could support candidate selection for a
treatment whose response varies across patients3,33. Thus, although DBS is influenced by clinical
eligibility, referral patterns, and local practice, the higher incidence of DBS in C1 suggests that genetically
derived subtypes may reflect a trajectory of earlier progression toward advanced therapy. This finding
should be interpreted cautiously because DBS was available only in PPMI, but its consistency with the
motor progression results supports its role as an additional treatment milestone associated with C1.

Purpose-driven frameworks for PD subtyping emphasize evaluating subtypes based on their ability to
generate clinically useful insights, including prognostication, treatment selection, and trial enrichment3.
In this context, our clinical trial enrichment analysis addresses one of the main translational goals of PD
subtyping. Heterogeneity may reduce statistical power in clinical trials, particularly for disease-modifying
interventions, and can obscure treatment effects if only a subset of patients is biologically or clinically
likely to progress during follow-up. This issue has been emphasized in precision medicine frameworks
for PD and is illustrated by the negative primary results of two high-quality α-synuclein antibody trials
despite a strong biological rationale34–36. Our enrichment simulation showed that increasing the
proportion of C1 participants could reduce the required sample size by 15.2%, 32%, and 45.4% under
50%, 75%, and 100% enrichment scenarios, respectively. These estimates are theoretical, but they show
that subtype assignment may have practical value beyond clinical prognostication.
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Conventional blood and CSF biomarkers showed no adjusted differences across clusters, including
Aβ1–42, tau, NfL, GFAP, and total α-synuclein. The SAA results were more ambiguous. SAA positivity was
higher in C1 and C2 than in C3, with p values close to statistical significance, while the mean time to
maximum slope at 24 h differed across clusters. Prior studies suggest that SAA positivity captures α-
synuclein seeding biology, and that kinetic parameters may provide additional information about disease
heterogeneity, particularly cognitive decline. However, recent PPMI analyses did not find robust
associations between baseline SAA status or kinetic parameters and manifest PD progression37,38.
Therefore, these findings should be interpreted as exploratory. They suggest a possible relationship
between genomic subtype and α-synuclein seeding dynamics, but limited power and assay variability
remain plausible explanations.

This study has limitations. The model was developed using SNPs identified largely in European-ancestry
populations and validated primarily in cohorts of European ancestry, potentially limiting generalizability
to more diverse populations39. It was also restricted to individuals with early PD, and its applicability to
later disease stages remains uncertain. Although externally validated, the sample size was modest, and
the model captured only a subset of PD genetic architecture, excluding rare variants, structural variants,
and gene–environment interactions. Cluster selection was optimized for motor burden and progression,
and therefore may not capture other dimensions of PD heterogeneity. Finally, several secondary analyses
were exploratory, and the clinical utility of the model will require prospective validation in independent
cohorts.

Despite these limitations, the study has several strengths. It used biological input data rather than
clinical features for subtype discovery, reduced major demographic and clinical confounding at baseline,
and validated motor progression patterns in an independent cohort. The analytic design also minimized
information leakage by training the autoencoder in a non-overlapping set of WGS participants who were
not included in the discovery or validation analyses. In addition, the study provides a practical algorithm
for assigning individual subtypes based on genomic data. In clinical research, this approach may help
identify patients who are more likely to progress over short follow-up intervals, thereby improving trial
efficiency. For clinical practice, the algorithm provides an externally validated and deployable framework
for assigning individual patients to genetically derived subtypes.

In conclusion, our findings show that baseline genomic information can identify early PD subtypes with
reproducible differences in motor progression across independent cohorts. Using an SNP-based
autoencoder and GMM framework, we assigned individual patients to genetically derived clusters that
differed in longitudinal motor trajectories and advanced treatment-related outcomes. These results
suggest that common variant structure can contribute to clinically-meaningful stratification before
longitudinal clinical divergence becomes evident. The approach offers an externally validated,
deployable subtype-assignment tool with a defined purpose: motor prognostic stratification. If replicated
in broader ancestries, disease stages, and prospective settings, this framework may support trial
enrichment, prognostic modeling, and future genotype-informed clinical workflows.
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Methods

Study design
This observational study used data from three longitudinal PD cohorts: the Parkinson’s Progression
Markers Initiative (PPMI), the Parkinson’s Disease Biomarkers Program (PDBP), and the STEADY-PD III
trial cohort (STEADY). PPMI was used as the discovery cohort, whereas PDBP and STEADY were
combined as an external validation cohort. We applied an unsupervised machine learning framework to
PD-related single-nucleotide polymorphisms (SNPs) to identify clusters associated with longitudinal
motor burden and progression. The clusters were then characterized using extended clinical outcomes,
biomarkers, and clinical trial enrichment simulations. The overall workflow is shown in Fig. 1.

Setting and Participants
Participants were selected from PPMI and from AMP PD for PDBP and STEADY according to
prespecified criteria: (1) PD diagnosis according to each cohort protocol, (2) available whole-genome
sequencing, (3) early disease stage at enrollment, defined as disease duration ≤ 2 years in PPMI and
PDBP and ≤ 3 years in STEADY, and (4) MDS-UPDRS motor assessments at baseline and year 3. To
improve cohort comparability, disease duration was restricted to up to 2 years in PPMI and PDBP and up
to 3 years in STEADY. Baseline and year 3 MDS-UPDRS assessments were also required to be performed
in the same medication state, either both OFF or both ON. The analytic sample included 265 PPMI, 42
PDBP, and 62 STEADY participants. Intermediate visits between baseline and year 3 were retained for
longitudinal models. Detailed cohort descriptions have been published previously13–15.

This secondary analysis used de-identified data from PPMI, PDBP, and STEADY-PD III, accessed through
PPMI and AMP-PD according to the applicable data use terms. The original cohorts were approved by
the Institutional Review Board, Independent Ethics Committee, or Research Ethics Board at each
participating site and were conducted in accordance with the Declaration of Helsinki and applicable local
regulations. Written informed consent was obtained from all participants for study participation.
Additional information on participating sites and study governance is available through the PPMI clinical
sites page (https://www.ppmi-info.org/about-ppmi/ppmi-clinical-sites), the PDBP project documentation
(https://pdbp.ninds.nih.gov/projects-we-support), and the STEADY-PD III ClinicalTrials.gov record
(https://clinicaltrials.gov/study/NCT02168842).

Genetic data extraction
Whole-genome sequencing (WGS) data were obtained from AMP-PD release 4. We selected 98 SNPs
previously associated with PD susceptibility or progression in European populations, including 90 risk-
associated variants10 and 8 variants associated with motor, cognitive, or non-motor progression in prior

studies11,16,17. Genotypes were encoded additively as 0, 1, or 2, depending on the number of alternate
alleles. The full list of included variants is provided in Supplementary Table 1. After cluster assignment,
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we calculated polygenic risk scores using published effect sizes and extracted pathogenic or likely
pathogenic variants in LRRK2, GBA1, SNCA, and PRKN.

Clinical variables
For all cohorts, we extracted baseline age, sex, race, years of education, PD family history, disease
duration, Hoehn and Yahr stage18, dopaminergic therapy use, MDS-UPDRS Parts I to III19, and MoCA

scores20. Longitudinal MDS-UPDRS Parts II and III and MoCA data were extracted from baseline through
year 3. From MDS-UPDRS Parts II and III, we derived tremor, bradykinesia, rigidity, gait and posture, and
speech subscores, as described in the Supplementary Data.

Additional PPMI analyses used up to 10 years of extended phenotyping data, including levodopa
equivalent daily dose (LEDD)21, levodopa challenge assessments, and deep brain stimulation (DBS)
surgery, as well as blood and cerebrospinal fluid (CSF) biomarkers and seed amplification assay (SAA)
positivity and reaction kinetic measures22.

Unsupervised machine learning framework
An autoencoder was trained to learn a compact representation of the selected PD-related SNPs. To
prevent information leakage, the model was trained exclusively on 1,050 PD participants from PPMI,
PDBP, and STEADY who had WGS data but did not meet the remaining analytic inclusion criteria. Latent
vectors from the PPMI discovery cohort were then clustered using a Gaussian Mixture Model. The fitted
model was frozen and applied without modification to PDBP and STEADY.

Candidate solutions were filtered for stability and interpretability. Partitions with minimal patient
reassignment were treated as equivalent using a 5% Adjusted Rand Index threshold, and retained
clusters were required to include at least 15% of participants in both discovery and validation cohorts.
Following a purpose-driven approach3, we prioritized solutions associated with MDS-UPDRS III burden or
progression in both cohorts and selected the solution with the most consistent motor separation.

Statistical and post-hoc analyses
Cluster comparisons used ANOVA, Kruskal-Wallis, chi-square, t-tests, or Mann-Whitney U tests,
depending on variable type and distribution. Primary longitudinal outcomes were MDS-UPDRS II and III
total scores, evaluated at baseline, year 3, and as annual progression from baseline to year 3. Annual
progression was estimated using linear mixed-effects models that included cluster, follow-up time, and
the cluster-by-time interaction as fixed effects, with participant-level random intercepts. Cluster
contribution was tested with likelihood ratio tests comparing models with and without cluster terms. The
same approach was applied to MDS-UPDRS motor subscores.

Additional PPMI analyses evaluated LEDD, levodopa response, DBS, biomarkers, SAA, and clinical trial
enrichment. LEDD and levodopa response were analyzed over up to 10 years using linear mixed-effects
models. DBS was analyzed using Kaplan Meier curves, log-rank tests, and Cox models adjusted for
baseline age. Baseline biomarker differences were evaluated using ANCOVA adjusted for age, sex,
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weight, and height. SAA positivity was compared with chi-square testing, and SAA kinetic measures were
compared using ANOVA or Kruskal-Wallis tests. Clinical trial enrichment was simulated for a two-arm
randomized trial using annual MDS-UPDRS III progression, alpha 0.05, 80% power, one-year follow-up,
and a 30% treatment effect. Analyses were performed in Python 3.11.13, with statistical significance
defined as p ≤ 0.05.
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Figure 1
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Figure 2
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Figure 4
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