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Clinicalcorrelatesofdata-drivensubtypes
of deepgraymatter atrophy anddopamine
availability in early Parkinson’s disease
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Recent machine-learning techniques may be useful to identify subtypes with distinct spatial patterns
of biomarker abnormality in the various neurodegenerative diseases. Using the Subtype and Stage
Inference (SuStaIn) technique,wecategorizeddata-driven subtypesof PDby examining thedeepgray
matter volume and dopamine availability and compared cardiac denervation, cognition, and motor
symptoms between these subtypes. The SuStaIn algorithm revealed two distinctive subtypes, which
were well replicated in an external dataset. Subtype 1 was characterized by lower dopamine
availability apparent at early inferred stages, severe cardiac denervation, mild cognitive dysfunction in
the early stage, and patterns suggesting acceleratedmotor and cognitive dysfunction associatedwith
later stages. In contrast, subtype 2 showed patterns indicative of earlier brain atrophy, mild cardiac
denervation, and severe cognitive dysfunction apparent at early inferred stages, with no significant
correlation between motor and cognitive status and SuStaIn stage. These findings suggest that the
machine-learning model can identify heterogeneity in PD biomarker profiles, offering insights into
potential region and stage-specific patterns of biomarker abnormality and their clinical implications.

Parkinson’s disease (PD) is a complex neurodegenerative disease that is
defined by a combination of core motor features, such as bradykinesia, rest
tremor, rigidity, and postural instability. The clinical manifestations of PD
vary by individuals according to age, sex, accompaniedmedical conditions,
constellation of motor/nonmotor features, as well as dopaminergic treat-
ment response1.

Substantial phenotypic heterogeneity is well recognized within the
disease, complicating the design and interpretation of clinical trials and
limiting patients’ counseling about their prognosis. Most attempts for the
characterization of disease subtypes have been associated with categoriza-
tion based on the most observable features, such as age at onset or motor/
nonmotor features2. This dichotomous separation, while intuitive, does not
faithfully represent the clinical features of thedisease,which arequantitative,
complex, and interrelated. Amore realistic representation of the disease and
disease course requires a transition to a data-driven, multi-dimensional
schema that encapsulates the constellation of interrelated features and
allows tracking (and ultimately predicting) change3,4.

A newphenotype to explain PDbased on the α-Synuclein pathology of
origin has been proposed as the dichotomy between “brain-first” versus
“body-first” based on rapid-eye-movement sleep behavior disorder (RBD)
presence5. In addition, a great deal of evidence suggests parallel degeneration

in the central nervous system and peripheral nervous system in PD.
However, it may be premature to use this phenotype without pathological
confirmation.

Recent advances in artificial intelligence and machine learning have
great promise in classifying patients who share similar pathobiological
mechanisms rather than common clinical features. Subtype and Stage
Inference (SuStaIn) is an advanced event-based model designed to infer
distinct subtypes characterized by unique sequential patterns of biomarker
abnormality. This data-driven approach also positions individuals along
those sequences (‘stage’) and allows for modeling heterogeneity in pro-
gressive conditions using only cross-sectional data6. The different subtypes
identified by SuStaIn represent distinct inferred sequences of abnormality in
biomarkers such as clinical or imaging features obtained from cross-
sectional data. This algorithm has been applied to numerous neurodegen-
erative diseases such as Alzheimer’s disease and frontotemporal dementia6,
tau deposition in Alzheimer’s disease7, and non-motor symptoms in PD8.

We have previously used the SuStaIn algorithm to identify PD-related
cognitive impairment across disease stages9.We demonstrated the utility of
data-driven approaches in the region and stage dissection and have also led
us to the next logical step towards identifying PD subtypes defined by
distinct patterns of disease staging. While previous SuStaIn studies in PD
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have focused primarily on either non-motor symptom progression linked
with specific magnetic resonance imaging (MRI) markers8 or cognitive
decline based on brain volumetry alone10, the interplay between dopami-
nergic degeneration, deep gray matter atrophy, and their combined rela-
tionship with peripheral denervation and core clinical symptoms remains
less explored. This study aims to bridge this gap by applying SuStaIn to
multimodal imaging data encompassing both dopamine availability and
deep graymatter volumes and correlating the identified subtypes and stages
with cardiac sympathetic innervation, motor severity, and comprehensive
cognitive assessments.

The objective of this study is to leverage a data-driven approach to
identify distinct PD subtypes characterized by region and stage-specific
patterns of abnormality in dopamine availability and deep gray matter
volume per region of interest, as measured by dopamine transporter posi-
tron emission tomography (PET) and T1-weighted MRI, respectively. In
addition, for the identified subtypes, we aim to analyze the differences in
cognitive function and motor symptoms between the subtypes and assess
their alignment with established PD phenotypes based on the degree of
cardiac sympathetic denervation. We expect this study to provide new
insights into the heterogeneity of PD progression and its clinical and phe-
notypic correlates.

Results
The primary analyses presented here were conducted on the site 1 cohort,
comprising 287 newly diagnosed patients with PD and 46 healthy controls
(Fig. 1). Detailed demographic and clinical characteristics of this cohort are
provided in Table 1. Our core analyses utilized multimodal neuroimaging
data, specifically dopamine transporter availability quantified by dopamine
transporter PET standardized uptake value ratios (SUVRs) and regional
deep graymatter volumes derived fromT1-weightedMRI. First, we present
the comparison of these baseline imaging biomarkers between the overall
PD group and the control group. Subsequently, we describe the data-driven
identification of PD subtypes using the SuStaIn algorithm based on the
biomarker profiles within the site 1 PD cohort. The robustness of these
subtypes is then evaluated through external validationusing an independent
cohort (site 2; Fig. 1). Finally, we detail the comparison of associated clinical
characteristics, including motor severity, cognitive function, and cardiac
sympathetic denervation, between the identified subtypes and examine their
relationship with the inferred SuStaIn stage.

Comparison between PD patients and controls
Considering the exclusion criteria described previously, 46 normal controls
and 287 PD patients were included in this study. Normal controls were
significantly younger than PD patients (P = 0.014) and had higher smoking
history (P = 0.003). The distribution of sex, diabetes mellitus, and hyper-
tension was similar between controls and the PD group (Table 1).

Compared to healthy controls, PD patients in the primary cohort
(site 1) exhibited significantly lower volumes in the globus pallidus
(P < 0.001), thalamus (P = 0.014), and hippocampus (p < 0.001), after
adjusting for age and sex (Table 2). No significant differences were found in
caudate or putamen volumes between the controls and site 1 PD patients
overall. In the external validation cohort (site 2), PD patients also showed
significantly lower volumes compared to the same control group in the
globus pallidus (P < 0.001), thalamus (P = 0.029), and caudate (P = 0.003,
Table 2). Regarding dopamine availability, SUVRs were significantly lower
in PDpatients compared to controls across all measured striatal subregions
and the thalamus in both the site 1 and site 2 cohorts (all P < 0.001, Table 2).

SuStaIn subtyping of PD patients
Of 287 PD patients, 13 patients were not classified into either subtype 1 or 2
as they were assigned to stage 0 (“complete normal”). The remaining 274
patients were divided into two distinct subtypes. Two hundred and fifteen
patients were assigned to subtype 1, and the other 59 patients were assigned
to subtype 2.

Each subtype displayed distinctive spatial patterns of biomarker
abnormality associated with inferred stage in dopamine transport and deep
gray matter volume (Fig. 2). In subtype 1, lower SUVRs were observed
initially in posterior putamen at early stages, with lower SUVRs of anterior
and ventral putamen, globus pallidus and ventral striatum typically asso-
ciated with subsequent stages (Fig. 2A). Deep gray matter volume loss was
typically observed first in the globus pallidus and hippocampus at stage 18,
while lower SUVRs across various other striatal and thalamic regions were
generally associatedwith later stages (Fig. 2A).However, in subtype 2, lower
globus pallidus and hippocampal volumes were observed at early stages,
with lower thalamic volume and SUVR typically associatedwith subsequent
stages (Fig. 2B). Lower volume of the caudate and lower SUVRs of the
posterior caudate and posterior putamen were generally observed at later
stages in this subtype (Fig. 2B).

When applying the SuStaIn algorithm to the independent site 2 vali-
dation cohort (n = 95), we observed the pattern similar with that in the
primary analysis. The model selection process (based on CVIC and log-
likelihood) identified a two-subtype solution as optimal. The resulting bio-
marker progression patterns for subtype 1 and subtype 2 in the site 2 cohort
are depicted in Supplementary Fig. 3 and show patterns broadly consistent
with those observed in the primary cohort (site 1). Specifically, subtype 1
(n = 80) in site 2 again demonstrated patterns suggestive of earlier SUVR
reductions preceding volume loss, while subtype 2 (n = 15) in site 2 showed
patterns indicative of earlier volume loss preceding SUVR reductions.

Comparisonof clinical characteristics betweensustain subtypes
Mean age (subtype 1; 72.7 ± 9.7, subtype 2; 72.2 ± 8.8, P = 0.680) and sex
distribution (P = 0.502) between two subtypes did not differ. Disease

Fig. 1 | Flowchart of subjects.
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duration (subtype 1; 1.1 ± 1.3, subtype 2; 1.5 ± 2.6, P = 0.104) and UPDRS
part III score (subtype 1; 16.3 ± 12.3, subtype 2; 18.0 ± 13.4, P = 0.362)
between two groups were not different. H&Y stage score in subtype 2
(2.1 ± 0.9) was higher than that in subtype 1 (1.8 ± 0.7, P = 0.007). In sub-
type 2, the delayed H/M ratio in subtype 2 (1.8 ± 0.4) was higher compared
to subtype 1 (1.5 ± 0.4, P < 0.001). General cognition status, including
MMSE (subtype 1: 24.0 ± 5.1 vs. subtype 2: 21.0 ± 6.0, P < 0.001), CDR
(0.5 ± 0.4 vs. 0.8 ± 0.5, P < 0.001), and GDS (2.7 ± 1.1 vs. 3.5 ± 1.3,
P < 0.001), was better in subtype 1 than subtype 2. In subtype 1, memory

function (P = 0.001) and frontal/executive function (P < 0.001) were better
than subtype 2. The proportion of three cognitive function statuses (normal,
MCI, andPDD)was different between groups, andmore patientswith PDD
(49.1 vs. 15.8%) and fewer patients with normal cognition (8.5 vs. 12.1%)
andMCI (42.4 vs. 72.1%)were found in subtype 2 comparedwith subtype 1
(P < 0.001, Table 1).

In subtype 1, the mean scores of MMSE, CDR, and GDS indicated
better functional performance compared to those in subtype 2 (P < 0.05).
Furthermore, the quadraticmodel examiningmotor symptoms and general

Table 2 | Comparison of regional deep gray matter volumes and SUVRs of controls and patients with Parkinson’s disease (PD)

Control (n = 46) Site 1 Site 2

PD (n = 287) P-value (vs control) PD (n = 95) P-value (vs control)

Subregional volume (mm3)

Caudate 8178.6 (876.1) 7926.8 (1247.1) 0.765 7752.1 (990.6) 0.003

Putamen 10191.8 (913.0) 9807.0 (1621.3) 0.556 10106.9 (1699.2) 0.400

Globus pallidus 4481.4 (361.1) 4023.8 (611.5) <0.001 3736.3 (504.3) <0.001

Thalamus 15765.2 (1249.6) 14703.5 (2073.9) 0.014 15385.3 (1845.5) 0.029

Hippocampus 9428.9 (944.7) 8375.5 (1537.7) <0.001 9243.9 (1059.8) 0.075

Subregional SUVR

Caudate 4.85 (1.35) 3.61 (1.52) <0.001 3.85 (1.48) <0.001

Anterior 5.15 (1.55) 3.76 (1.72) <0.001 4.07 (1.71) <0.001

Posterior 3.86 (1.20) 2.64 (1.20) <0.001 3.15 (1.26) <0.001

Putamen 7.01 (1.27) 4.42 (1.37) <0.001 4.08 (1.25) <0.001

Anterior 7.31 (1.49) 4.51 (1.52) <0.001 4.19 (1.49) <0.001

Posterior 6.76 (1.40) 3.52 (1.41) <0.001 3.21 (1.19) <0.001

Ventral 5.64 (0.93) 4.04 (1.03) <0.001 3.85 (0.90) <0.001

Globus pallidus 5.01 (1.04) 3.65 (1.06) <0.001 3.48 (1.02) <0.001

Thalamus 1.62 (0.13) 1.46 (0.18) <0.001 1.43 (0.14) <0.001

Ventral striatum 6.50 (1.53) 5.30 (1.38) <0.001 4.88 (1.30) <0.001

Values represent mean with standard deviation.
Analyses were performed by analysis of covariance (ANCOVA) test controlling for age and sex between control and PD.

Fig. 2 | Results of the two-subtype model generated by SuStaIn using deep gray
matter volume and dopamine availability data (in the primary cohort, site 1).
A In subtype 1, patterns suggest lower Standardized Uptake Value Ratio (SUVR) of
the posterior putamen is typically observed at early stages, with lower SUVRs in
other regions and subsequently lower volumes of deep gray matter associated with
later stages. B In subtype 2, patterns indicate earlier lower volumes of the globus

pallidus and hippocampus. Lower SUVR and volume of the thalamus, as well as
lower volumes and SUVRs of other regions, are generally associated with subsequent
stages. The stage (x-axis) indicates different phases of biomarker abnormality pat-
terns relative to controls. The color bar indicates the z-score level for regional volume
and SUVR loss: white (no effect) to blue (severe effect).
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cognition in relation to SuStaIn stages revealed distinct patterns of asso-
ciation between SuStaIn stage and clinical scores between the two subtypes.
Subtype 1 exhibited a slowly worsening trend in UPDRS part III, MMSE,
CDR, and GDS from early to mid-stage, followed by a rapid deterioration
(P < 0.001, Fig. 3). Conversely, in subtype 2, UPDRS part III, MMSE, CDR,
and GDS scores remained unchanged across stages (P > 0.1).

We then compared the clinical characteristics between the two sub-
types identified within the site 2 cohort (Table 1). Several key findings from

the primary cohort were replicated: subtype 2 in site 2 patients had sig-
nificantly lower MMSE scores (P < 0.001), higher CDR (P < 0.001), and
higher GDS scores (P < 0.001), compared to subtype 1 in site 2. Further-
more, subtype 2 in site 2 had a higher prevalence of diabetes mellitus
(P = 0.007), more advanced Hoehn and Yahr stage (P = 0.007), and sig-
nificantly higher delayedH/M ratios (P = 0.002). Additionally, UPDRSPart
III scores were significantly higher in subtype 2 within the site 2
cohort (P = 0.039).

Fig. 3 | Comparison of two subtypes and correla-
tions between SuStaIn stage and motor and cog-
nitive function in subtype 1 (in the primary
cohort, site 1). Mean Unified Parkinson’s Disease
Rating Scale (UPDRS) Part III scores are compar-
able between the two subtypes, whereas meanMini-
Mental Status Examination (MMSE), Clinical
Dementia Rating (CDR), and Global Deterioration
Scale (GDS) scores show significant differences.
Quadratic regression models were fitted to examine
the relationship between SuStaIn stage and clinical
scores in Subtype 1. Significant quadratic relation-
ships were observed for UPDRS Part III (F = 14.50,
P < 0.0001), MMSE (F = 8.09, P = 0.0004), CDR
(F = 8.61, P = 0.0002), and GDS (F = 9.98,
P < 0.0001), indicating an accelerating decline in
motor and cognitive function at later stages within
this subtype. Individual data points are overlaid on
the plots. Conversely, in subtype 2, UPDRS part III,
CDR, and GDS scores do not show a statistically
significant correlation with stage (P > 0.1, data not
shown). * indicates P value < 0.05.
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Discussion
In the current study, a data-drivenmachine learning technique revealed two
distinct phenotypic heterogeneities based on patterns of biomarker
abnormality inferred by the model in dopamine availability and deep gray
matter volume. In primary cohort (site 1), subtype 1 was characterized by
patterns indicating earlier involvement of dopamine availability in the
posterior putamen, with deep gray matter atrophy more prominent at later
inferred stages,whereas subtype 2 exhibited earlier deepgraymatter atrophy
patterns (especially in the hippocampus and globus pallidus), with dopa-
mine availability reductions more apparent at later inferred stages. Subtype
1 displayed severe cardiac denervation, mild cognitive dysfunction in the
early stage, and rapid decline in motor and cognitive function in the later
stage, whereas subtype 2 showedmild cardiac denervation, severe cognitive
dysfunction in the early stage, but no significant correlation betweenmotor
and cognitive status and SuStaIn stage. This novel finding expands upon
previous results, supporting the hypothesis that body-first PD initially
shows cardiac sympathetic denervation followed by secondary dopami-
nergic denervation, while brain-first PD shows the opposite pattern11.
Cardiac sympathetic denervation occurred in Braak stage I, and dopamine
depletion in substantia nigra occurred in Braak stage III12. Brain-first PD,
corresponding to subtype 2 in our study, is characterized by nigrostriatal
dopaminergic depletion prior to PNS involvement, while body-first PD,
corresponding to subtype 1, is characterized by an involvement of the
sympathetic nervous system earlier than the dopaminergic system12. PD
patients with RBD showed more decreased delayed H/M ratios than those
without RBD5. As RBD is a representative marker for body-first PD, body-
first PD has shown more severe cardiac sympathetic denervation, and
cardiac sympathetic innervation is more preserved in brain-first PD11,13.

Importantly, the two distinctive subtypes, one characterized by ear-
lier dopaminergic deficiency and the other by earlier structural atrophy
and their clinical characteristics were reproduced in an independent
validation cohort (site 2). This replication achieved despite differences in
MRI field strength and participants demographics, supporting the
robustness and generalizability of the SuStaIn-inferred subtypes and their
potential relevance to distinct neuropathological trajectories within early-
stage PD.

In our study, patients with PD presented significantly lower dopamine
availability than normal controls in all the subregions analyzed, as expected.
In addition, PD patients exhibited deep gray matter atrophy of the globus
pallidus, thalamus, and hippocampus compared to normal controls in our
study. Recent studies confirm the presence of deep gray matter atrophy in
PD. One study revealed that PD patients showed decreased gray matter
volume of cortex and striatum compared with healthy controls14. A more
recent study found smaller gray matter volumes of caudate nucleus, puta-
men, globus pallidus, thalamus, and hippocampus in PD patients than
healthy controls15. Our result outstands that subtype 2 showed more deep
gray matter atrophy in the caudate nucleus, putamen, and thalamus,
compared to subtype 1. This finding, however, conflicts with a recent study
that therewas nodifferent brain atrophypattern betweenbrain-first PDand
body-first PD15. This inconsistency could be attributed mainly to the sub-
typing method (data-driven disease staging model vs. hypothesis-driven
clinical biomarker model) and other minor combined effects of different
ethnicity (ours: Asian vs. prior study: predominantly white American) and
imaging markers (ours: using PET and MRI vs. MRI only).

TheUPDRSpart III scoreswere similar betweenSuStaIn subtype 1 and
subtype 2. However, the relationship between the UPDRS part III score and
SuStaIn stage differed between the two subtypes. Patients assigned to sub-
type 1 exhibited a significant quadratic relationship between SuStaIn stage
and UPDRS part III score, with scores suggesting relatively milder motor
impairment at early-to-mid stages and markedly greater impairment
associated with later stages. In contrast, patients with subtype 2 remained
unchanged across SuStaIn stages. These findings suggest that subtype 1 has
faster disease progression than subtype 2, which is consistent with previous
studies showing faster motor progression in PD patients with decreased
123I-MIBG uptake16,17.

In our study, the subtype 1 and subtype 2 groups showed comparable
cognitive performance. To note, patients with body-first PD are typically
associated with worse cognitive status. PD patients with RBD, a marker for
body-first PD, often exhibit severe cognitive impairment and a rapid pro-
gression to dementia5,18. In our analysis, patients with subtype 2 (considered
brain-first PD) had poorer performance in general cognitive scores, mem-
ory function, and frontal/executive function compared to those with sub-
type 1 (considered body-first PD). Further, the proportion of dementia was
higher in subtype 2. This discrepancymaybe explainedby the small number
of patients and different proportion of subjects with decreased 123I-MIBG in
subtype 2. Moreover, the early-stage volume reduction of the hippocampus
and striatum in subtype 2 could directly contribute to declines in general
cognition and memory function19,20. The patterns of association between
SuStaIn stage and clinical measures of motor symptoms and cognitive
function differed between the two subtypes. Subtype 1, with a higher pre-
valence of patients with decreased 123I-MIBG uptake, significant quadratic
relationships, suggesting relatively gradual differences in motor and cog-
nitive function across early stages followedby apparently steeper differences
associated with late stages. This is in line with previous findings that the
progression to dementia becomes faster in brain-first PD21. However, this
pattern of association between stage and clinical scores was not observed in
subtype 2.

This study has several strengths. The innovative SuStaIn machine
learning technique allowed us to assign every patient into different disease
progression stages based on patterns of neuroimaging abnormalities (e.g.,
reduced dopamine availability and decreased volume) and identify two or
more subtypes explaining heterogeneity of the given disease spectrum.
Indeed, our SuStaIn analysis revealed two distinct subtypes of PD. Also, our
study included a relatively large number of newly diagnosed and non-
medicated patients. Since all subjects were not taking any antiparkinsonian
and anti-dementia medications, the possible confounding effects of these
medications on motor symptoms and cognition in PD could be
excluded22,23. In addition, we conducted comprehensive neuropsychological
tests and classified patients based on reliable criteria. Moreover, the stan-
dardized quantitative analyses of MRI and PET imaging could reduce
inherent subjectivity and errors stemming from visual or semiquantitative
methods.

However, several limitations also exist in our study. First, differentia-
tion between PD and dementia with Lewy bodies is challenging in the early
disease stages, although we applied strict diagnostic criteria. This task is
especiallymoredifficult inbody-first PD,where theprogression todementia
is shorter and faster21,24. Fortunately, as the number of PDD in subtype 1was
small, this potential confusion was likely minimal. Second, the PD patients
in our primary cohort (site 1) were significantly older than healthy controls.
However, the external validation cohort (site 2) was well-matched for age
and sex with the control group (Table 1, Supplementary Fig. 3). Our key
findings regarding the two distinct subtypes and their clinical characteristics
were discovered consistently in both site 1 and 2. This finding supports the
robustness and generalizability of our model despite the age difference
between cohorts. Third, as the study was cross-sectional in nature, long-
itudinal alterations of deepgraymatter volume anddopamine availability in
the two groups were not examined. The SuStaIn model could assign each
patient into one of different PDprogression stages. However, it is difficult to
claim that themodel can infer a pattern of temporal progression fromcross-
sectional data.

In conclusion, we revealed associations among alterations in brain
volume and dopamine availability, cardiac denervation patterns, cognition,
and motor symptoms according to identified two distinct PD subtypes
characterized by different inferred biomarker abnormality patterns. One
subtype exhibited patterns indicative of earlier dopamine availability
reduction, severe cardiac sympathetic denervation, mild cognitive dys-
function associated with early stages, and accelerated decline in motor and
cognitive function associated with later stages, whereas the other subtype
showed patterns suggesting earlier deep gray matter atrophy, mild cardiac
sympathetic denervation, severe cognitive dysfunction associated with early

https://doi.org/10.1038/s41531-025-01037-5 Article

npj Parkinson’s Disease |          (2025) 11:165 6

www.nature.com/npjparkd


stages, and no significant correlation found between motor and cognitive
status and stage. These novel findings, derived from multimodal imaging
anddata-drivenmachine learning, provide insights into theheterogeneity of
PD biomarker profiles and their clinical and phenotypic correlates.

Methods
Subjects
This study protocol was approved by the Institutional Review Board at
CatholicMedical Center, The Catholic University of Korea, and all subjects
provided written informed consent. All experiments were performed in
accordance with relevant guidelines and regulations.

Newly diagnosed patients with PDwho visited themovement disorder
clinic in Yeouido St. Mary’s Hospital were included. PD was diagnosed
based on the UK PD Society Brain Bank clinical diagnostic criteria and
Movement Disorder Society clinical diagnostic criteria for PD25,26. Physical
and neurological examinations were performed on all subjects. Demo-
graphics of age, sex, disease duration, smoking status, andmedical history of
diabetes mellitus and hypertension were collected. MRI of the brain, 18F-N-
(3-fluoropropyl)-2beta-carbon ethoxy-3beta-(4-iodophenyl) nortropane
(18F-FP-CIT) PET, and 123I-meta-iodomethlguanodine (123I-MIBG) myo-
cardial scintigraphy were performed on all patients at the time of diagnosis.
All included patients had decreased dopamine transporter uptake in the
striatum, mainly in the posterior putamen.

Excluded subjects had: (1) normal dopamine transporter scanbasedon
the Movement Disorder Society clinical diagnostic criteria for PD26; (2)
neurological abnormalities related to atypical or secondary parkinsonism;
(3) structural or space-occupying lesions on the basal ganglia; (4) taking
anti-dementia medications or other medications to influence cognitive
function; (5) a history of diabetic neuropathyor otherperipheral/autonomic
neuropathy; (6) a history of relevant cardiac disease (such as ischemic heart
disease, heart failure, or cardiomyopathy) or any abnormalities on routine
chest radiography or electrocardiography; or (7) medication regimens
known to influence myocardial 123I-MIBG uptake or striatal dopamine
uptake.

Forty-six healthy subjects without any notable neurological or psy-
chiatric diseaseswere recruited and included as controls.All control subjects
underwent brain MRI and did not demonstrate any abnormalities beyond
mild white matter changes.

MR imaging acquisition and processing
Three-dimensional T1-weighted MR images with Magnetization Prepared
Rapid Gradient Echo (MP-RAGE) sequence with following parameters:
repetition time (TR)/echo time (TE) = 2040/2.43ms, flip angle (FA) = 9°,
slice thickness = 1mm, acquisition matrix = 256 × 224, and voxel
size = 1 × 1 × 1mm3, using a 3 T MRI scanner (Skyra, Siemens, Munich,
Germany). For a more accurate volumetric analysis of deep gray matter
structures, we used deepneural networks to segment these structures27. This
network structure with highlighting foreground (HF) modules was pro-
posed to alleviate the commonly observed imbalanced data problems in
medical image segmentation,where the foreground (= target brain structure
to segment) is smaller than the background (= nontarget brain and non-
brain structures). This HF network demonstrated the best performance in
the white matter hyperintensity segmentation challenge (team pgs, https://
wmh.isi.uu.nl/results/). To adapt the model to the segmentation of deep
gray matter, we chose, as the training data, the Parkinson’s Progression
Markers Initiative (PPMI) that included healthy and PD subjects. We
randomly chose 42 subjects from the dataset. The label information of the
selected dataset was delineated by a neuroanatomist. Using the external
dataset, we performed 5-fold cross-validation to evaluate the segmentation
performance. As a result, theHFnetwork showed remarkable segmentation
performance, which was comparable to experts’ intra-rater reproducibility
(meanDice score = 0.93). ThemeanDice score for automated segmentation
was 0.9211 (Thalamus: 0.9477,Caudate: 0.9417, Putamen: 0.9435, Pallidum:
0.9045, Hippocampus: 0.9261). Finally, we applied the ensemble of five
models resulting from the 5-fold cross-validation to the present study.

PET imaging acquisition and processing
Computed tomography (CT) and 18F-FP-CIT PET images were acquired
using a Biograph 40 True Point PET CT scanner (Siemens, Munich, Ger-
many). At 3-h after the intravenous injection of an average of 3.7MBq/kg of
18F-FP-CIT, a brain CT scan was acquired for attenuation correction, fol-
lowed by a 10-min 18F-FP-CIT emission PET scan. The PET image was
reconstructed into a 256 × 256 × 148 matrix using an ordered-subsets
expectation maximization algorithm. The voxel size was
1.336 × 1.336 × 1.500mm3. An MR-guided conventional spatial normal-
ization method was used for spatial normalization of 18F-FP-CIT PET
images28. Then, PET images were co-registered to patients’ individual MR
images and spatially normalized to the Montreal Neurological Institute
(MNI) template space with parameter normalizing skull-stripped MR
images. Subject-specific striatal volumes of interest (VOI) templates were
derived from FreeSurfer 5.1 (Massachusetts General Hospital, Harvard
Medical School; http://surfer.nmr.mgh.harvard.edu) after automated sub-
cortical segmentation and partial volume correction. We measured the
regional standardizeduptake value (SUV) of the cerebellumand each side of
the caudate, putamen, globus pallidus, thalamus, and ventral striatum in the
PET imagesusing theseVOI templates.Wealso usedan in-houseMATLAB
2020a (MathWorks, Natick,MA,USA) for simple arithmetic operations on
images and measuring the regional uptake values. The mean SUV ratio
(SUVR) was calculated as the target SUV divided by the cerebellum SUV.

Data-driven subtyping and progression patterns modeling
The SuStaIn was applied to discover data-driven subtypes that were
developed with progression patterns of dopamine availability and regional
deep gray matter volume. To achieve this, we used all the measurements
available, including 8 SUVRs (anterior and posterior caudate, anterior,
posterior, and ventral putamen, globus pallidus, thalamus, and ventral
striatum) and 5 regional deep gray matter volumes (caudate, putamen,
globus pallidus, thalamus, and hippocampus), consisting of 13 regions of
interest in total. Each regional brain volume and SUVR was transformed
into a z-score relative to the normal control group. This z-score transfor-
mation allowedus to assess each individual’s deviation from the norm in the
normal control group. The progression pattern of the disease was described
as a negative linear z-score model, and z-scores increased as the SUVR and
regional brain volume decreased. SuStaIn machine learning allowed mul-
tiple sequences of progression, each representing a subtype. These stages
represented different phases of disease progression, allowing a detailed
understanding of how the disease evolves over time, i.e., which biomarkers
(volume vs. dopamine availability) and which regions play pivotal roles at
various stages of the disease. Each subject was assigned to a specific subtype
and stage using maximum likelihood based on an uncertainty approx-
imationderived fromMarkovChainMonteCarlo sampling. Thenumber of
subtypes was determined by 10-fold cross-validation. For each fold, the
model fit was evaluated by the Cross-Validation Information Criterion
(CVIC) and out-of-sample log-likelihood. We observed that CVIC mark-
edly decreased in the two-subtypemodel from themodel without subtyping
and then slowly and gradually decreased towards the seven-subtype model
(Supplementary Fig. 1A). In cases of little improvement inmodelfit, simpler
models should be favored. Two- to seven-subtype models displayed simi-
larly high log likelihood values, and therewas no significant difference of log
likelihood among these models (Supplementary Fig. 1B). Considering the
goal of model simplicity (favoring simpler models without a substantial loss
in fit), and the practical requirement of adequate sample sizes within sub-
types for meaningful clinical correlation analyses (e.g., the four-subtype
model yielded groups with n = 181, 37, 26, and 31, Supplementary Fig. 2),
the two-subtype model was chosen as providing the best balance of model
fit, interpretability, and statistical robustness for subsequent analyses.
Finally, we have implemented our SuStaIn based on pySuStaIn29.

Motor and cognitive function measurements
Parkinsonian motor status was measured by the Unified Parkinson’s Dis-
ease Rating Scale (UPDRS) and modified Hoehn and Yahr (H&Y) stage
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scores. General cognitive status and dementia severity were evaluated using
the Korean version of the Mini-Mental Status Examination (MMSE), the
ClinicalDementiaRating (CDR), and theGlobalDeterioration Scale (GDS).
Cognitive functionwas assessed infive cognitive domains,which comprised
of attention/working memory, memory, language and related function,
visuospatial and frontal executive functions30, and subtests for each domain
were selected. Each quantifiable neuropsychological test score was con-
verted into a previously determined standardized score (z-score) based on
age-, sex-, and education-specific normal controls, and the scores were
classified as abnormal when they were below 1.5 standard deviations (SD)
from themean of normal controls. The z-scores of each test were calculated
separately. In domains with multiple z-scores, the average scores of each
domain were defined as the representative values30. Mild cognitive
impairment (MCI)was diagnosed by scores<1.5 SDof normative data on at
least two measures within at least one of the five cognitive domains and
unimpaired functional activities of daily living assessed by ADL, according
to the Movement Disorder Society Task Force Level II criteria (compre-
hensive assessment)31. Parkinson’s disease dementia (PDD) was diagnosed
using clinical diagnostic criteria for dementia associated with PD32.

123I-meta-iodobenzylguanidine myocardial scintigraphy
123I-MIBG scintigraphy was performed with a dual-head camera equipped
with a low-energy, high-resolution collimator (Siemens,Munich,Germany/
Infinia, GE Healthcare, Chicago, IL, USA). Data were collected 30min
(early) and 2 h (delayed) after injecting 111 MBq of 123I-MIBG. A static
imagewith a 128 × 128matrixwas obtained. Regions of interest were drawn
manually around the whole heart and mediastinum. The heart-to-
mediastinum (H/M) ratio was calculated from the average counts per
pixel in the heart andmediastinum.Weused the delayedH/M ratio because
the delayed phase H/M reflected the active neuronal uptake of 123I-MIBG
without passive transfer andwas recommended fordiagnostic studies inPD,
characterized by postganglionic presynaptic sympathetic failure33.

External validation cohort and analysis
To assess the robustness and generalizability of our findings, we included an
independent external validation cohort (hereafter referred to as site 2)
consisting of 95 patients with newly diagnosed PD recruited from the
movement disorder clinic at Seoul St. Mary’s Hospital in Seoul, Korea. All
patients at the site 2 met the same diagnostic criteria (UK Parkinson’s
Disease Society Brain Bank and MDS criteria) and exclusion criteria as the
primary cohort (site 1)25,26. They underwent 18F-FP-CIT PET (Discovery
PET/CT 710, General Electric Healthcare, Waukesha, WI, USA) and
123I-MIBG myocardial scintigraphy (Infinia, GE Healthcare, Chicago, IL,
USA) using identical protocols to site 1. T1-weighted Brain MRI was
acquired on a 3 T scanner (Magnetom Vida, Siemens, Forchheim, Ger-
many). Demographic and clinical data were collected similarly (Table 1).
Notably, this cohort was well-matched for age (P = 0.669) and sex
(P = 0.593) with the healthy control group (Table 1). MRI and PET image
processing, includingdeepgraymatter segmentationandSUVRcalculation,
followed the samepipelinesused for the site 1 cohort. TheSuStaIn algorithm
was applied independently to the site 2 biomarker data (age-adjusted
z-scores relative to the same control group) using the same procedures
described above to identify subtypes and stages within this separate cohort.

Statistical analysis
Statistical analyses were performed using SPSS software version 24.0 for
Mac (IBMCorporation,NewYork,NY,USA). Pearson’s χ2 test was used to
compare the frequencies of categorical variables. An independent sample
t-test or one-wayanalysis of variancewasused to comparemeans among the
groups. The subregional dopamine transporter availability and deep gray
matter volume of the groups were analyzed using analysis of covariance
(ANCOVA). Statistical significance was set at P < 0.05 after adjusting
p-values using Bonferroni post-hoc correction. Furthermore, to elucidate
the changes in the four scores (UPDRS part III, MMSE, CDR, and GDS) as
the disease stage increases within each subtype, we conducted an analysis of

the associations employing a quadratic model. This analysis was performed
using the ‘fitlm’ function in MATLAB R2023a (MathWorks, Natick, MA,
USA), which provided the estimated equation, correlation coefficient, and
p-value for each fitting model.

Data availability
Anonymized data generated during this study are available from the cor-
responding author on request from individuals affiliated with research or
health care institutions.

Code availability
Statistical analyses were performed using SPSS Statistics 24. SPSS codes are
available upon reasonable request to the corresponding authors.
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