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Parkinson’s disease (PD) is associated with extensive structural brain changes. Recent work has pro-
posed that the spatial pattern of disease pathology is shaped by both network spread and local vul-
nerability. However, only few studies assessed these biological frameworks in large patient samples
across disease stages. Analyzing the largest imaging cohort in PD to date (N = 3,096 patients), we
investigated the roles of network architecture and local brain features by relating regional abnormality
maps to normative profiles of connectivity, intrinsic networks, cytoarchitectonics, neurotransmitter re-
ceptor densities, and gene expression. We found widespread cortical and subcortical atrophy in PD to
be associated with advancing disease stage, longer time since diagnosis, and poorer global cognition.
Structural brain connectivity best explained cortical atrophy patterns in PD and across disease stages.
These patterns were robust among individual patients. The precuneus, lateral temporal cortex, and
amygdala were identified as likely network-based epicentres, with high convergence across disease
stages. Individual epicentres varied significantly among patients, yet they consistently localized to the
default mode and limbic networks. Furthermore, we showed that regional overexpression of genes
implicated in synaptic structure and signalling conferred increased susceptibility to brain atrophy in
PD. In summary, this study demonstrates in a well-powered sample that structural brain abnormalities
in PD across disease stages and within individual patients are influenced by both network spread and
local vulnerability.
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INTRODUCTION

Parkinson’s disease (PD) is a progressive neurodegen-
erative disorder marked by extensive structural changes
in the brain, affecting both cortical and subcortical re-
gions [1–3]. However, the spatial pattern of atrophy
is not uniform across the brain. Some regions show
greater vulnerability to disease pathology than others.
This raises questions as to what the underlying factors
are that shape and drive the spread of pathology in PD.

Early post-mortem studies describe a distribution pat-
tern of Lewy pathology in PD that appears to map onto
large-scale intrinsic networks in the brain [4, 5]. This
Braak staging implies that the spread of PD pathology is
not random, but constrained by the organization of the
underlying connectome [6, 7]. It has been hypothesized
that this network spreading process involves the propa-
gation of misfolded alpha-synuclein protein via neuronal
synapses in a prion-like manner [7, 8]. The primary
support for this hypothesis comes from animal stud-
ies that traced the neuronal spread of injected alpha-
synuclein [9–11]. In addition, there is mounting evi-
dence in support of this hypothesis derived from patient
populations using non-invasive brain imaging and com-
putational modelling [3, 12–17]. The progression of PD

pathology does not always align neatly with the Braak
staging framework however [18], suggesting that net-
work spreading is not the only driver of pathology. In-
deed, local vulnerability features, such as cellular com-
position [19], metabolic demands [20], or gene expres-
sion [21], may predispose certain brain regions to dis-
ease pathology and damage. Studies employing imaging
transcriptomics to explore the relationship between brain
morphometry in PD and transcriptional gene activity, for
example, have shown that the local expression of genes
related to synaptic, mitochondrial, and metabolic activ-
ity render certain brain regions particularly susceptible
to atrophy [15, 16, 22, 23].

Studies of structural brain abnormalities, as well as
network spread and local vulnerability in PD, have so far
been limited to relatively small samples of clinically het-
erogeneous patients. Moreover, these studies are com-
plicated by variability in analytic approaches between
different study sites. The Enhancing Neuroimaging Ge-
netics through Meta-analysis PD (ENIGMA-PD) work-
ing group is an international collaboration across multi-
ple centres that has curated and harmonized the largest
imaging dataset in PD to date [1, 24, 25]. Here, we ana-
lyzed this well-powered dataset to map cortical and sub-
cortical atrophy in PD, across disease stages, and within
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TABLE 1: ENIGMA-PD sample demographics and clinical details

Group HY stage N
Age
(mean ± SD)

Sex
(% female)

Time since
diagnosis
(mean ± SD)

MoCA
(mean ± SD)

HC – 1262 62.09 ± 9.25 47.31 – 27.88 ± 1.70b

PD – 3096 63.69 ± 9.09 36.30 5.18 ± 5.11a 25.89 ± 3.29b

1 466 60.15 ± 8.63 40.56 2.38 ± 2.52 27.20 ± 2.32
2 1596 63.90 ± 8.80 34.21 4.50 ± 4.43 26.26 ± 2.91
3 397 66.05 ± 9.43 40.81 7.76 ± 5.98 24.80 ± 3.74

4/5 96 67.48 ± 9.38 38.54 13.05 ± 6.42 21.41 ± 4.88

HC = healthy controls; PD = Parkinson’s disease; SD = standard deviation; HY stage = Hoehn and Yahr
disease stage; MoCA = Montreal Cognitive Assessment score. aInformation available in 2,879 of 3,096 patients.
bInformation available in 1,796 of 3,096 patients and 454 of 1,262 controls.

single subjects. We then related these spatial atrophy
patterns to normative network models, and consistently
found that cortical network connectivity constrained and
identified likely epicentres of pathology spread. Next,
we investigated whether PD atrophy mapped onto spe-
cific intrinsic functional networks, tissue cytoarchitecton-
ics, or neuroreceptor densities. Finally, we performed
imaging transcriptomic analysis and were able to show
that gene expression profiles related to the atrophy pat-
terns were associated with synaptic structure and sig-
nalling. Taken together, our results demonstrate that
structural brain abnormalities in PD across disease stages
and within individual patients are influenced by both
network spread and local vulnerability.

RESULTS

Participants

The ENIGMA-PD working group collected and pro-
cessed T1-weighted brain MRI and clinical data across
23 international sites, yielding a final sample of 3,096
PD patients and 1,262 healthy controls (HC). Table 1 dis-
plays the demographic and clinical details of the partic-
ipants included in the study. Supplementary Table S1
details the demographic and clinical characteristics of
the participants for each contributing site and Supple-
mentary Table S2 details the inclusion/exclusion criteria.
The PD group was significantly older than the HC group
(t(2522) = -5.24, P < 0.001). Although the age range
of the HC group (40-85 years) did not entirely cover
the span of the PD group (40-89 years), only seven PD
patients (<1%) exceeded this range, which suggests an
overall sufficient overlap for deriving atrophy maps using
w-scoring (see Methods for details). Critically, a Levene’s
test demonstrated that the two groups did not differ in
the variance of ages (W(1,4358) = 1.00, P = 0.316), in-
dicating comparable age distributions. The proportion of
males to females was also significantly different between
groups (χ2 = 44.95, P < 0.001). Despite these group dif-
ferences in age and sex, a sensitivity analysis comparing

atrophy maps derived from the complete sample and an
age- and sex-matched subsample (see Supplementary Ta-
ble S3) demonstrated comparable patterns of structural
abnormalities (Supplementary Fig. S1a and S1b). For
PD patients with available information on Hoehn and
Yahr (HY) disease stages [26] (82.5% of total sample),
the majority were classified as HY 2.

Widespread structural brain abnormalities in Parkinson’s
disease

We harmonized regional cortical thickness, cortical
surface area, and subcortical volume estimates in PD pa-
tients and HCs across all contributing sites. All analy-
ses were performed using the 68-region Desikan-Killiany
atlas [27]. Individual age- and sex-adjusted maps of
brain abnormalities in PD patients were derived using
w-scoring (see Methods for details) and reflect regional
deviations of a given brain measure from what would be
expected in the HC reference group. To investigate PD-
related deviations in these w-maps, one-sample t-tests
compared regional mean w-scores to zero. We found
statistically significant and diffuse negative deviations in
cortical thickness that were most pronounced in parietal
and temporal regions (Fig. 1a and Supplementary Table
S4a). Cortical surface area was also generally lower in
PD, with the greatest negative deviations in occipital and
middle frontal cortex (Fig. 1a and Supplementary Table
S4b). Finally, grey matter volumes were lower across the
majority of subcortical nuclei, with peak negative devia-
tions in the putamen and amygdala. The volume of the
left thalamus and lateral ventricles were higher than ex-
pected, however (Fig. 1a and Supplementary Table S4c).
When stratified by HY disease stage scores, the number
of regions demonstrating significant deviations and the
magnitude of these abnormalities increased with higher
disease stage (see Supplementary Figure S2). Overall,
these findings show a widespread pattern of reduced cor-
tical and subcortical grey matter in PD.

Next, we explored the relationships between regional
brain abnormalities and clinical scores in PD, adjusting

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

The copyright holder for this preprint this version posted May 29, 2025. ; https://doi.org/10.1101/2025.05.25.25326586doi: medRxiv preprint 

https://doi.org/10.1101/2025.05.25.25326586
http://creativecommons.org/licenses/by-nc-nd/4.0/


3

-0.036 0.036 -0.042
β-coefficient

0.042-0.042
β-coefficient

0.042
LH RH LH RH LH RH

cortical surface area

-0.20
w-score

0.20

-0.016
β-coefficient

0.016

-0.080
ρ

0.080 -0.102
ρ

0.102-0.113
ρ

0.113

accumbens pallidumthalamus

subcortical volume

-0.023
β-coefficient

0.023

-0.25
w-score

0.25

cortical thickness

cortical surface area subcortical volumecortical thickness

-0.34
w-score

0.34

-0.019
β-coefficient

0.019

a | Parkinson's disease-related structural brain abnormalities

b | brain-clinical correlations

tim
e 

si
nc

e 
di

ag
no

si
s

di
se

as
e 

st
ag

e
gl

ob
al

 c
og

ni
tio

n

LH RH

LH RH

LH RH

LH RH

LH RH

LH RH

LH RH LH RH LH RH

caudate

amygdalaputamen hippocampus

ventricles

β-coefficient

Figure 1: Structural brain abnormalities in PD and their clinical correlates. (a) W-score maps of cortical thickness, cortical
surface area, and subcortical volume deviations reveal a widespread pattern of atrophy in PD. More negative w-scores (or bluer
regions) represent lower estimates or greater atrophy in PD patients relative to what would be expected in the healthy reference
group. (b) Partial rho (ρ) and β-coefficient maps of brain-clinical correlations between cortical thickness, cortical surface area, and
subcortical volume deviations and Hoehn and Yahr disease stage, time since diagnosis (in years), and global cognition (Montreal
Cognitive Assessment scores), controlling for age and sex effects. Overall, more negative deviations in brain measures were related
to advancing disease stage, longer disease durations, and poorer cognition. For display purposes, only regions surviving FDR
correction for multiple comparisons (PFDR < 0.05) are shown. LH = left hemisphere; RH = right hemisphere.

for age and sex. Rank-based partial correlations revealed
regional deviations became more negative with higher
disease stages for all brain measures, except for ven-
tricular volumes that displayed the inverse relationship.
These patterns are consistent with a progressive atrophic
process in PD. Similarly, linear regressions showed time
since diagnosis was negatively correlated with each brain

measure, such that longer durations corresponded with
more negative deviations in regional cortical thickness,
cortical surface area, and subcortical volume (Fig. 1b and
Supplementary Tables S5a-c). Global cognition, assessed
with the Montreal Cognitive Assessment (MoCA) [28],
was also negatively correlated with each brain measure
such that poorer cognition was related to more negative
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deviations in cortical thickness and subcortical grey mat-
ter volume but more positive deviations in the lateral
ventricles. In summary, we found that cortical thickness
and subcortical volume abnormalities appear to be most
sensitive to PD-related clinical features.

Network architecture shapes cortical atrophy patterns
across disease stages and in individual patients

It has been proposed that PD pathology advances
through the brain via a network spreading process [6–8].
To test the hypothesis that the atrophy pattern in PD is
shaped by network architecture, we related regional ab-
normality (or “nodal atrophy”) to the abnormality across
structurally connected regions (or “neighbourhood atro-
phy”). We defined nodal atrophy as the cortical thick-
ness and subcortical volume deviations in PD, and neigh-
bourhood atrophy of a given node as the mean abnor-
mality of structurally connected nodes weighted by the
strength of structural or functional connectivity. The con-
nectivity profile of each node was determined by con-
nectivity matrices derived from diffusion-weighted imag-
ing and resting-state MRI in a separate group of healthy
participants [29]. A total of four normative network
models, representing the connectivity among cortical re-
gions (“cortico-cortical”) or between cortex and subcor-
tex (“subcortico-cortical”), were used to inform our cal-
culation of neighbourhood atrophy: (i) cortico-cortical
structural network, (ii) subcortico-cortical structural net-
work, (iii) cortico-cortical functional network, and (iv)
subcortico-cortical functional network. For each network
model, we examined the node-neighbourhood relation-
ships in the group average, disease stage, and single-
subject atrophy maps.

In the group average maps (Fig. 2b, top row and
Supplementary Table S6a), nodal atrophy was positively
correlated with neighbourhood atrophy for both struc-
tural (ρ = 0.545, Pspin = 0.001) and functional (ρ
= 0.366, Pspin = 0.071) cortico-cortical network mod-
els, though the latter was no longer statistically signifi-
cant after spatial null testing. Structural and functional
subcortico-cortical network models poorly explained the
node-neighbourhood correlation, however (both Pperm >
0.05). For the disease stage maps (Fig. 2b, middle row
and Supplementary Table S6b), in which patients were
stratified by their HY stage, we found that the atrophy
pattern was again best explained by cortico-cortical net-
work models. Structural connectivity accounted for cor-
tical atrophy patterns across HY stages 1 to 4/5, and this
finding was robust when tested against spatial null mod-
els. Similarly, functional connectivity informed the corti-
cal atrophy pattern across early HY stages (HY 1-3), but
node-neighbourhood atrophy did not survive spatial null
testing beyond HY stage 1 (Fig. 2b, middle row and Sup-
plementary Table S6b). In subcortico-cortical network
models, subcortical atrophy patterns were not well ex-
plained by either structural or functional connectivity at
any disease stage (all Pperm > 0.05). In short, cortico-

cortical networks better reflect node-neighbourhood at-
rophy than subcortico-cortical networks, especially when
weighted by structural compared to functional connec-
tivity.

Finally, for single-subject atrophy maps (Fig. 2b,
bottom row), we observed high stability in node-
neighbourhood atrophy coupling for both structural
(Pspin < 0.05 in 59.43% of patients) and functional (Pspin
< 0.05 in 59.04% of patients) cortico-cortical network
models. In contrast, there was low stability between
node-neighbourhood atrophy in structural (Pperm < 0.05
in 5.98% of patients) and functional (Pperm < 0.05 in
6.40% of patients) subcortico-cortical models. Despite
the large degree of heterogeneity expected across these
individualized atrophy maps, a large proportion of PD
patients still demonstrated connectivity-based cortical at-
rophy patterns observed in the group average. As before,
cortico-cortical networks explained atrophy patterns bet-
ter than subcortico-cortical networks.

Network-based epicentres converge across disease stage
and co-localize to common networks

As a follow-up to our previous analysis, we sought to
identify network-based epicentre regions that are both
greatly affected by and promote the spread of PD pathol-
ogy. The epicentre likelihood of each region was de-
termined by the mean rank of their node and neigh-
bourhood atrophy, such that regions with high node and
neighbourhood atrophy were considered more likely epi-
centres. We estimated network-based epicentres for each
normative network model and for the group average, dis-
ease stage, and single-subject atrophy maps.

In the group average maps (Fig. 2c, top row), we iden-
tified the right precuneus and bilateral lateral temporal
cortex, and left amygdala as having high epicentre likeli-
hoods using both cortico-cortical and subcortico-cortical
network models, respectively. These likely epicentres
demonstrated a high degree of atrophy and were them-
selves connected to neighbourhoods of highly atrophied
regions. Similarly, these regions were consistently iden-
tified as likely epicentres across the disease stage maps
(Fig. 2c middle row), showing high convergence across
the four HY stages. Network models defined by struc-
tural and functional connectivity resulted in the same
epicentres (see Supplementary Fig. S3a and S3b). These
findings suggest that these identified regions are effective
propagators of PD pathology.

Repeating this approach in single-subject atrophy
maps (Fig. 2c, bottom row), the right isthmus cingulate
showed the highest percentage of convergence across in-
dividual PD patients—although the maximum overlap
was only 12.2% of patients. This was unsurprising, how-
ever, given the large degree of heterogeneity expected at
the single-subject level. When we mapped each PD pa-
tient’s likely epicentres to intrinsic brain networks, these
disparate individualized epicentres co-localized to the
default mode and limbic networks (75.48% and 60.92%
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Figure 2: Network architecture shapes the pattern of atrophy in PD. (a) Schematic of network-based disease exposure and
epicentre likelihood workflows. Structural and functional connectivity was defined by cortico-cortical and subcortico-cortical
normative network models derived from an unrelated cohort of healthy participants. This information was used to relate regional
abnormality (or “node atrophy”) to the average abnormality across connected neighbour regions (or “neighbourhood atrophy”).
The mean rank of node and neighbourhood atrophy was used to identify regions as likely epicentres. (b) Node-neighbourhood
atrophy correlations revealed that atrophy patterns were best explained by cortico-cortical structural network models (top row),
across disease stages (middle row), and in a large proportion of individual patients (bottom row), followed by cortico-cortical
functional network models. Neither subcortico-cortical structural or functional network models explained node-neighbourhood
coupling, however. (c) Epicentre likelihoods identified the precuneus, lateral temporal cortex, and amygdala as network-based
epicentres (top row), which were consistently identified across disease stages (middle row). Although single-subject epicentres
did not frequently generalize across individual patients (bottom row), they were found to co-localize to common networks (dmn:
default mode, da: dorsal attention, fp: frontoparietal, lim: limbic, sm: sensorimotor, va: ventral attention; vis: visual). For all brain
visualizations, only regions surviving spatial null testing (Pspin/perm < 0.05) are displayed.
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Figure 3: Distribution of PD-related atrophy in specific
brain systems. Cortical thickness (left) and cortical surface
area (right) abnormalities in PD are localized within (a) in-
trinsic resting networks [30] (dmn: default mode, da: dor-
sal attention, fp: frontoparietal, lim: limbic, sm: sensorimo-
tor, va: ventral attention; vis: visual) and (b) cytoarchitec-
tonic tissue classes [31, 32] (ac1/2: association 1/2, ic: in-
sular; lim: limbic, pm: primary motor, ps: primary sensory;
pss: primary/secondary sensory). (c) Correlations between
regional brain atrophy and expression of 18 neurotransmitter
systems [33]: acetylcholine (α4β2, M1, VAChT), cannabinoid
(CB1), dopamine (D1, D2, DAT), GABA (GABAA/BZ , histamine
(H3), glutamate (mGluR5, NMDA), norepinephrine (NET), opi-
oid (MOR), and serotonin (5-HT1A, 5-HT1B , 5-HT2A, 5-HT4,
5-HT6, 5-HTT). * indicates correlations that survived both spa-
tial null testing (Pspin/perm < 0.05) and FDR correction for mul-
tiple comparisons (PFDR < 0.05).

of PD patients, respectively) and the subcortex (100%
of PD patients). Therefore, although individual patient
epicentres highly vary, they belong to shared common
networks.

Cortical abnormalities are distributed in specific brain
systems

Beyond network structure, we also studied whether
local brain features contributed to the atrophy pattern
in PD. We began by testing whether cortical abnormali-
ties were more or less prominent within specific macro-
scale cortical systems. We calculated the mean cortical
thickness and surface area deviations within seven in-

trinsic resting-state networks defined by Yeo et al. [30]
and seven von Economo cytoarchitectonic tissue classes
[31, 32]. For the functional resting state networks, mean
cortical thickness deviations were more negative in the
default mode network (Pspin = 0.049) but less so in
the ventral attention network (Pspin = 0.015; Fig. 3a).
For cytoarchitectonic classes, these deviations were also
found to be more negative in association cortex (Pspin =
0.009; Fig. 3b). Mean cortical surface area deviations
were mainly distributed in visual and sensorimotor net-
works, with more negative deviations in the visual (Pspin
= 0.002) but less pronounced in the sensorimotor net-
work (Pspin = 0.006; Fig. 3a). They were also relatively
more negative in primary/secondary sensory cortex (Pspin
= 0.006) but less severe in limbic (Pspin = 0.005) and pri-
mary motor systems (Pspin = 0.017; Fig. 3b). These find-
ings suggest that cortical PD pathology primarily affects
higher-order, transmodal areas compared to unimodal
cortex.

We then asked if the pattern of brain abnormalities in
PD was related to molecular profiles of neurotransmitter
systems. Positron emission tomography tracer maps for
18 distinct neurotransmitter receptors and transporters
from different cohorts of healthy participants were corre-
lated with regional cortical thickness, surface area, and
subcortical volume deviations in PD [33, 34]. Cortical
thickness deviations were significantly related to several
neurotransmitter distributions (Fig. 3c and Supplemen-
tary Table S7a), including 5-HT1B receptor (ρ = 0.493,
PFDR = 0.018), nicotinic α4β2 receptor (ρ = 0.503, PFDR
= 0.024), histamine H3 receptor (ρ = 0.537, PFDR =
0.018), and vesicular acetylcholine transporter (VAChT;
ρ = 0.322, PFDR = 0.031). Cortical surface area devia-
tions were also significantly correlated with VAChT (ρ =
0.595, PFDR = 0.018; Fig. 3c and Supplementary Table
S7b). In each case, there was a positive association be-
tween the brain measure and neurotransmitter receptor
density, suggesting that greater atrophy was observed in
regions with lower expression of these systems (Supple-
mentary Fig. S4). No correlations involving subcortical
volumes survived FDR correction for multiple compar-
isons, however (see Supplementary Table S7c). These
results suggest that cortical areas expressing select sero-
tonergic, histaminergic, and cholinergic receptors and
transporters might be less vulnerable to PD atrophy.

Cortical atrophy is associated with synapse-related gene
expression profiles

To understand the biological and cellular underpin-
nings of the atrophy pattern in PD, we integrated our
imaging findings with brain-wide gene expression data
and explored the biological relevance of the associated
genes. We first applied partial least squares (PLS) analy-
sis to identify the multivariate relationship between cor-
tical thickness deviations and the expression profiles of
15,633 genes obtained from the Allen Human Brain At-
las [35]. PLS analysis identified a single significant latent
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Figure 4: Relationship between cortical atrophy in PD and gene expression. (a) Schematic of the imaging transcriptomics
workflow. (b) PLS analysis identified a single latent variable (PLS1) that significantly explained 48.53% of the covariance between
cortical thickness deviations and gene expression profiles. (c) Regional weights were (d) negatively correlated with regional brain
atrophy, indicating that more positive weights were associated with greater cortical atrophy. Gene set enrichment analysis revealed
that genes most correlated with cortical atrophy are enriched for (e) synaptic regulation and signalling and (f) synapse and neuron
components.

variable (PLS1) that explained 48.53% (Pspin = 0.044) of
the covariance between the cortical atrophy pattern and
gene expression (Fig. 4b). Regional weights associated
with PLS1 were positively correlated with the cortical
atrophy pattern (ρ = 0.620, Pspin = 0.008), such that
more negatively weighted genes were associated with
more negative deviations in cortical thickness (Fig. 4c
and 4d). Therefore, this analysis identifies genes with
expression profiles associated with greater vulnerability
to PD atrophy.

Next, genes were ranked from most positively to most
negatively weighted on PLS1 and interpreted for their
biological relevance using gene set enrichment analysis
(GSEA). This analysis revealed that regions with greater
cortical atrophy were found to overexpress genes related
to synaptic signalling and regulation. Concerning bio-
logical processes (Fig. 4e and Supplementary Table S8a),
the genes most associated with cortical atrophy were en-
riched for terms such as “vesicle-mediated transport in

synapse” (normalized enrichment score [NES] = -2.305,
PFDR < 0.001), “synaptic transmission, glutamatergic”
(NES = -1.921, PFDR = 0.045), “synaptic vesicle mem-
brane organization” (NES = -1.921, PFDR = 0.031), and
“vesicle localization” (NES = -1.874, PFDR = 0.044). Pos-
itively weighted genes were significantly enriched for di-
verse functional biological processes. In terms of cellu-
lar components (Fig. 4f and Supplementary Table S8b),
genes most strongly related to cortical atrophy were en-
riched for components localized to the synapse and neu-
ron, such as “excitatory synapse” (NES = -2.068, PFDR
= 0.009), “synaptic membrane” (NES = -1.877, PFDR =
0.014), and “main axon” (NES = -1.826, PFDR = 0.013).
For genes least associated with cortical atrophy, signifi-
cantly enriched terms included structural cellular compo-
nents. Collectively, these analyses show that cortical re-
gions with higher expression of genes related to synapses
demonstrate greater atrophy in PD.
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DISCUSSION

We mapped structural brain abnormalities in PD and
contextualized this spatial pattern using connectomics,
annotation enrichment, and imaging transcriptomic ap-
proaches. Global reductions in cortical thickness, corti-
cal surface area, and subcortical volumes were found in
PD relative to HCs. Regional cortical thickness and sub-
cortical volume reductions were most sensitive to mea-
sures of advancing disease stage, longer disease dura-
tion, and cognitive decline. We then showed that the
pattern of PD-related cortical atrophy to be constrained
by network architecture. Network-based epicentres were
identified in the precuneus, temporal lobes, and amyg-
dala, which generalized across disease stages and co-
localized to default mode and limbic networks in indi-
vidual patients. We also found that cortical thickness and
surface area deficits mapped onto specific brain systems
related to distinct intrinsic networks, cytoarchitectonic
tissue classes, and neurotransmitter receptor profiles. Fi-
nally, we demonstrated that the pattern of cortical atro-
phy correlated with gene expression profiles implicated
in synaptic and neuronal processes.

Structural brain abnormalities in PD were character-
ized by widespread reductions in cortical thickness, corti-
cal surface area, and subcortical volume. These findings
reproduce—in an updated sample—the atrophy pattern
first reported by Laansma et al. [1]. However, our find-
ings of morphometric differences in PD were generally
inconsistent with previous case-control studies in terms
of location and size of effects [36]. These discrepan-
cies likely stem from limited sample sizes, clinical hetero-
geneity, and variability in analytical methods used across
studies. We address these limitations by harmonizing
data across multiple sites to create a large, well-powered
sample and applying standardized analysis methods. The
resulting atrophy pattern provides a map against which
future, smaller PD studies can be benchmarked. Among
the structural brain metrics, cortical thickness and sub-
cortical volume deviations were most strongly correlated
with clinical features, including more advanced disease
stages, longer disease durations, and poorer global cog-
nition. This relationship between PD atrophy and mea-
sures of disease severity and cognitive impairment are
well-established in the literature [1, 37, 38]. Critically,
our results are based on a significantly larger sample
size spanning a wider disease course than most previous
work.

Nodal atrophy was correlated with neighbourhood
atrophy such that regions with greater atrophy were
more strongly connected to neighbours with collec-
tively greater atrophy themselves. This relationship
was best captured when normative connectivity profiles
were defined by structural cortico-cortical network mod-
els and was consistent across disease stages. Node-
neighbourhood correlations were notably stable among
single-subject atrophy maps, suggesting network spread-
ing as a fundamental underlying mechanism in PD. Our

results extend prior findings in prodromal and de novo
PD [3, 12–17, 39] to the entire disease course and within
individual patients. Similarly, a network spreading
process has also been demonstrated in other neurode-
generative diseases and psychiatric disorders, includ-
ing Alzheimer’s disease, frontotemporal dementia, amy-
otrophic lateral sclerosis, and schizophrenia [6, 20, 40–
44]. This repeated observation is consistent with the
theory that neurodegeneration in PD is in part driven
by synaptic transmission of pathogenic alpha-synuclein
[7, 8].

In contrast to our cortical-driven results, subcortical
atrophy patterns were poorly explained by subcortico-
cortical network models. This lack of an association
might be explained by the subcortical atlas used in this
study, which features a limited number of coarsely par-
cellated regions, and is the native and only available rep-
resentation of ENIGMA data. Limited granularity in the
subcortex may not adequately capture the spatial vari-
ance of PD pathology across substructures [45, 46]. Like-
wise, the subcortico-cortical connectivity profiles gen-
erated with this parcellation might fail to capture the
spatial gradients of connectivity between the subcortex
and cortex [47–50]. Future studies should use atlases
with multiple available resolutions to test dependency of
results on spatial scale information. Alternatively, dis-
tinct connectivity profiles between cortex versus subcor-
tex might explain their differential ability to inform pat-
terns of disease pathology. Whereas cortical connectiv-
ity is highly distributed and hierarchical with many in-
terconnections, subcortical connectivity is instead modu-
lar and specialized with unidirectional relay connections
[51]. Consequently, cortico-cortical networks may better
reflect the widespread atrophy patterns in PD compared
to subcortico-cortical networks.

Connectome-based atrophy modeling also allowed the
identification of cortical disease epicentres, here thought
to represent regions that may act as efficient propaga-
tors of pathology. At the group level, the precuneus, lat-
eral temporal cortex, and amygdala emerged as network-
based epicentres, displaying high convergence across dis-
ease stages. The precuneus and lateral temporal cor-
tex are central hubs of the default mode network, ex-
hibiting widespread connections with other brain areas
[52–54]. Such connectivity profiles well-position these
regions as propagators of disease pathology. We also
identified patient-specific epicentres: although we ob-
served considerable regional variability in individualized
epicentres, they broadly mapped to the default mode
and limbic networks, and to subcortical nuclei. Impor-
tantly, the epicentres thus defined are not necessarily the
originators of pathology, which are likely located out-
side the cerebral cortex [3]. For example, according to
the alpha-synuclein Origin site and Connectome model
[55], the amygdala and olfactory bulb are important
origin sites of pathology in a brain-first subtype of PD
whereas pathology originates from the enteric nervous
system and brainstem in the body-first subtype. Overall,
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however, our findings support the robust contribution of
default mode, limbic, and subcortical regions, along with
their associated network architecture, in shaping the at-
rophy pattern in PD.

Cortical thickness abnormalities in PD mapped pre-
dominantly onto the default mode network, which
aligns with our finding of individualized epicentres co-
localizing to this specific network. Previous studies have
also reported cortical thinning in key regions of the de-
fault mode network, such as the precuneus and posterior
cingulate cortex, suggesting a consistent pattern of vul-
nerability in PD [38, 56, 57]. These structural changes
are complemented by findings from functional MRI stud-
ies in PD that have demonstrated altered connectivity
within this network [58–60]. While the motor symptoms
of PD are mainly caused by substantia nigra dopamine
neuron loss, default mode network dysfunction likely ac-
counts for the cognitive and mood symptoms that are a
hallmark of later disease stages [61–64].

We also found greater cortical abnormalities in regions
with lower normative expression of specific serotonergic,
histaminergic, and cholinergic neurotransmitter systems.
The 5-HT1B receptor has previously been attributed a
neuroprotective role, as serotonin receptor agonism re-
duced alpha-synuclein deposition and oxidative stress in
a rodent model of PD [65]. Similarly, the α4β2 nicotinic
acetylcholine receptor mediates the neuroprotective ef-
fects of nicotine against PD pathology [66]. Thus, re-
gions with lower expression of these neuroreceptor sys-
tems could exhibit greater susceptibility to neurodegen-
eration, but further investigation is needed.

Cortical atrophy in PD was associated with gene ex-
pression profiles enriched for synaptic and neuronal
terms, suggesting a link between disease pathology and
underlying biological mechanisms. Our finding repli-
cates previous imaging transcriptomic studies in PD
demonstrating a link between grey matter atrophy or
iron accumulation and genes related to synaptic trans-
mission and signalling [15, 23]. Alpha-synuclein protein
normally plays an important role in the regulation of
synaptic function. In PD, misfolded, pathogenic alpha-
synuclein has been shown to aggregate in presynap-
tic terminals, disrupting neurotransmission, and even-
tually leading to neuronal death [67–69]. This loss of
neuropil—the synapses, axons, and dendrites within cor-
tical columns—would be reflected as cortical thinning
[70]. In sum, the overexpression of genes related to
synapses and neuropil components may identify cortical
regions with heightened vulnerability to PD pathology.

We examined the contributions of network structure
and local vulnerability to the pattern of atrophy in PD
independently; however, it is important to consider that
these biological principles are not mutually exclusive but
rather interactive. In other words, the spread of pathol-
ogy might be constrained to the connectivity between re-
gions but its impact on regional morphometry or func-
tion may be modulated by local features. This notion
is clearly demonstrated by agent-based simulations of

pathology spread in PD [22, 71, 72]. Zheng et al. [72]
used a susceptible-infected-removed model to simulate
the propagation of alpha-synuclein along a structural
connectome anchored by regional expression of genes
that modify pathogenic protein levels. They showed that
this approach could successfully recreate in silico the pat-
tern of brain atrophy observed in PD in vivo. In short, the
current study is consistent with PD pathology being the
result of an interaction between connectomics and local
vulnerability.

The current report has some limitations. First, the
cross-sectional nature of the dataset does not consider
individual variability in disease progression over time.
In addition, this study relied on retrospective data col-
lection that resulted in inconsistent availability of clini-
cal information across the contributing sites, limiting our
ability to deeply phenotype our participants. For exam-
ple, the Unified Parkinson’s Disease Rating Scale is the
gold-standard assessment of motor symptom severity in
PD [73]. Depending on the protocol at a given study site,
this scale was administered when the PD patient was ei-
ther on or off their dopaminergic medications, or both
on and off in separate sessions, making it challenging to
harmonize and interpret the resulting scores. Our anal-
yses relied on normative models and estimates of net-
work connectivity, gene expression, and other brain fea-
tures derived from unrelated cohorts of young healthy
adults to contextualize the atrophy pattern measured in
PD. Relating individual patient multimodal data instead
could better account for between-subject variability. Fi-
nally, structural brain estimates were parcellated using
the Desikan-Killiany atlas [27] in accordance with stan-
dardized ENIGMA protocols. Future work should aim to
replicate the findings reported here at multiple spatial
scales.

In summary, we found widespread patterns of brain at-
rophy in PD that were shaped by network architecture,
across disease stages, and in individual patients. Cor-
tical abnormalities overlapped with maps of local brain
features, including intrinsic networks, cytoarchitecton-
ics, and neurotransmitter systems. The observed atro-
phy pattern also correlated with gene expression profiles
related to synaptic structure and function. Our results
demonstrate how we can contextualize the spatial pat-
tern of atrophy using multimodal data to better under-
stand the contribution of network spreading and local
vulnerability in PD.

METHODS

Participants

The ENIGMA-PD working group aggregated 3D vol-
umetric T1-weighted brain MRI and clinical data from
PD patients and HCs across 23 international contribut-
ing sites (Supplementary Table S1). Brain imaging was
available from 3,216 PD patients and 1,480 HCs. Indi-
vidual site MRI scanning protocols and participant in-
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clusion/exclusion criteria are detailed in Supplementary
Table S2. Clinical information from PD patients included
Hoehn and Yahr (HY) stage score [26], time since di-
agnosis (in years), and Montreal Cognitive Assessment
(MoCA) score [28]. HY scores ranged from 1 (i.e., uni-
lateral motor impairment) to 5 (i.e., confinement to bed
or wheelchair). We used a modified HY classification
such that intermediate scores HY 1.5 and 2.5 were re-
grouped into HY 2, and HY 4 and 5 were combined due
to smaller group sizes. All participants provided writ-
ten informed consent to their local site before partici-
pating in site-specific studies, which were approved by
the respective local ethics committee and institutional re-
view board. Anonymized imaging and clinical data were
shared with the ENIGMA-PD working group.

Structural brain morphometry in PD

Each contributing site collected and processed MRI
data using a standardized FreeSurfer 5.3 pipeline
[74], extracting 68 regional cortical thickness, 68 cor-
tical surface area, 16 subcortical volume, and total in-
tracranial volume estimates according to the Desikan-
Killiany atlas [27]. These regional brain estimates
were visually inspected for quality following standard
ENIGMA protocols (http://enigma.usc.edu/protocols/
imaging-protocols) and shared with the ENIGMA-PD in-
vestigators. Participants younger than 40 years of age or
those with more than 50% missing data after quality con-
trol were excluded from the analysis. This resulted in a
final sample of 3,096 PD patients and 1,262 HCs. Details
regarding the participant samples and scanner protocols
used at each contributing site are provided in Supple-
mentary Table S1 and S2.

The 23 sites contributed a combined 53 cohorts, each
with different cohort-specific scanning and clinical test-
ing environments. Accordingly, we first harmonized
brain estimates using ComBat, a bayesian statistical har-
monization method designed to account for batch ef-
fects in multi-site MRI studies [75]. A small subset of
cohorts (9 of 53 cohorts) had data available only from
PD patients but no matched HCs. To rule out that
our results may have been influenced by inclusion of
these unmatched cohorts during data harmonization, we
conducted a robustness test by comparing group aver-
age brain maps derived from data harmonized before
versus after excluding PD-only cohorts from the sam-
ple. We found comparable abnormality patterns between
these two samples for all measures (see Supplementary
Fig. S1a and S1c). Any remaining missing values were
imputed based on the mean of the group (i.e., PD or HC)
and disease stage (i.e., HY score) to which a given par-
ticipant belonged.

For each brain measure estimate, we generated w-
score maps for each PD patient [76]. This procedure
is analogous to z-scoring with the additional adjustment
for age and sex covariates. Since cortical surface area
and subcortical volumes scale with head size [77], to-

tal intracranial volume was also included as a covariate
in their w-score models. Given the PD and HC groups
were significantly different in terms of age and sex and
the potential for this to influence w-score estimates, we
ran a sensitivity analysis comparing group average brain
maps derived from data with versus without HY stage
stratified, propensity score matching with replacement
using the MatchIt tool (see Supplementary Fig. S1a and
S1c) [78]. We found comparable abnormality patterns
between these two samples for all measures.

For the w-scoring procedure, linear regressions be-
tween regional brain estimates and age and sex were first
performed in the HC reference cohort. Then regional w-
scores were calculated for each PD patient using the fol-
lowing formula:

wi =
rawi − expectedi

SDres
(1)

where wi is the w-score of region i, rawi is the estimate
value at region i observed in the patient, expectedi is
the estimate value at region i expected in the HC group
given the patient’s age and sex (estimate ∼ age + sex),
and SDresidual is the standard deviation of the residu-
als in HCs. Here, negative w-scores reflected lower esti-
mates (i.e., atrophy) whereas positive w-scores indicated
higher values in PD than expected in HCs. Group aver-
age maps of PD-related deviations for each estimate were
generated from the mean regional w-scores across all PD
patients. One-sample t-tests examined if group average
w-scores in PD significantly deviated from HCs (i.e., test
if average PD had a w-score that differed from 0). Re-
sults were corrected for multiple comparisons using the
false discovery rate (FDR) method [79].

Relationship between structural brain abnormalities and
clinical measures

We tested whether maps of PD-related brain abnor-
malities were associated with clinical measures, control-
ling for age and sex. Clinical measures included HY
stage, time since diagnosis (in years), and global cog-
nition as estimated by MoCA scores (i.e., lower scores
reflect poorer cognition) [28]. Given that HY scores are
ordinal in nature, we used non-parametric, rank-based
partial correlations that model the monotonic relation-
ship between variables of interest. For the other con-
tinuous variables, we used linear regression models. To
ensure consistent interpretation of correlations, we in-
verted MoCA scores to align with the directionality of
the other clinical measures so that higher values reflected
greater disease severity. Results were FDR-corrected for
multiple comparisons separately for each brain and clin-
ical measure [79].

Spatial null models

The inherent autocorrelation among brain regions can
artificially inflate correlations when testing the spatial
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overlap between two brain maps [80]. To mitigate this
issue, we evaluated the statistical significance of such
correlations using spatial null models, or “spin tests”
[81, 82], whenever appropriate. Null models were
generated using the netneurotools toolbox (https://
netneurotools.readthedocs.io/en/latest/). Coordinates
of cortical surface parcels were first projected onto the
surface of spheres, then randomly rotated for one hemi-
sphere and mirrored to the other. Subsequently, cortical
surface data were reassigned with the values of the clos-
est rotated parcel. This procedure was repeated 1,000
times, to construct a null distribution that preserved the
spatial autocorrelation of the original surface map and
provided a benchmark against which we can compare
the original observation. For subcortical data, instead of
spherical projection, parcels were randomly shuffled to
generate permuted null models [83].

Structural and functional MRI data

Structural and functional connectivity networks were
obtained from the enigmatoolbox [83], derived from
diffusion-weighted imaging and resting-state functional
MRI data in a cohort of unrelated healthy adults from
the Human Connectome Project (n = 207, 83 males,
mean age ± SD = 28.74 ± 3.73 years, range = 22-36
years) [29]. Diffusion-weighted imaging data (spin-echo
EPI sequence, TR = 5520 ms, TE = 89.5 ms, FOV =
210 /texttimes/ 180, voxel size = 1.25 mm3, b-value
= 1000/2000/3000 s/mm2, 270 diffusion directions, 18
b0 images) underwent b0 intensity normalization and
were corrected for susceptibility distortion, eddy cur-
rents, and head motion. Resting-state functional MRI
data (gradient-echo EPI sequence, TR = 720 ms, TE =
33.1 ms, FOV = 208 × 180 mm2, voxel size = 2 mm3, 72
slices) were corrected for distortion, head motion, and
magnetic field bias, and underwent skull removal, in-
tensity normalization, and registration to MNI152 space
[84]. Automatic removal of noise components (e.g.,
head motion, white matter, cardiac pulsation, arterial,
and large vein-related effects) was performed using FSL
FIX [85]. The resulting preprocessed time series were
transformed into grey matter ordinate space using cor-
tical ribbon-constrained volume-to-surface mapping and
combined into a single time series.

Normative connectivity network models

Structural connectivity networks from the
enigmatoolbox [83] were built from preprocessed
diffusion-weighted imaging data using MRtrix3 [86].
This involved performing tractography constrained to
anatomically derived tissue types (i.e., cortical and
subcortical grey matter, white matter, and cerebrospinal
fluid) [87], estimation of multi-shell and multi-tissue
response functions [88], and constrained spherical
deconvolution and intensity normalization [89]. The
initial tractogram was generated with 40 million stream-

lines (max length = 250, fractional anisotropy cutoff
= 0.06). Spherical deconvolution-informed filtering of
tractograms with SIFT2 [90] was used to reconstruct
whole brain streamlines weighted by cross-sectional
multipliers. Individual structural connectomes were
generated by mapping the reconstructed streamlines
onto 68 cortical and 14 subcortical regions (the lateral
ventricles were excluded). A distance-dependent thresh-
olding procedure [91], which preserves the edge length
distribution of individual connectomes, and log trans-
formation was used to define a group-average structural
connectivity network in which each connection repre-
sents the number of streamlines or fibre density between
two brain regions. Functional connectivity networks
were constructed by performing pairwise correlations
between the time series of 68 cortical and 14 subcortical
regions. Negative connections were set to zero. Indi-
vidual functional connectomes were z-transformed and
averaged across subjects to generate a group-average
functional connectivity network.

Four normative network models were used in the
present study: (i) cortico-cortical structural network,
(ii) subcortico-cortical structural network, (iii) cortico-
cortical functional network, and (iv) subcortico-cortical
functional network. Cortico-cortical networks were
based on connections among 68 cortical regions (68 ×
68 matrix). Subcortico-cortical networks featured con-
nections between 14 subcortical and 68 cortical regions
(14 × 68 matrix).

Network-based disease exposure

We examined how the patterns of PD-related atro-
phy are shaped by structural and functional connectivity
across PD disease stages (Fig. 2a). Specifically, we tested
if the atrophy measured at a given region (or node) was
related to atrophy across its structurally and functionally
connected neighbours [43, 44]. Nodal atrophy refers to
the regional w-scores from the cortical thickness and sub-
cortical volume maps, which showed the most sensitiv-
ity to PD-related atrophy and clinical features (Fig. 1a-
b). Neighbourhood atrophy of a given node was defined
as the average w-score across its structurally connected
neighbour regions weighted by the strength of connec-
tivity, described in the following formula:

Ai =
1

Ni

Ni∑
j ̸=i,j=1

aj × connij (2)

where Ai is the neighbourhood atrophy of node i, aj is
the atrophy of the j-th neighbour of node i, connij is the
strength of the connection between nodes i and j, and
Ni is the total number of structurally connected neigh-
bours to node i (i.e., node degree). Note that neigh-
bourhood atrophy is normalized by the node degree (Ni)
and is thus made independent of nodal atrophy. Self-
connections between a node and itself are also excluded
(j ̸= i).
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For each network model, we tested the relationship
between node and neighbourhood atrophy using Spear-
man rank correlations. Each test was compared against
spatial null models to determine statistical significance.
Finally, we repeated this analysis separately on the group
average, disease stage, and single-subject atrophy maps.

Network-based epicentre likelihoods

For each network model, we ranked brain regions
based on their nodal atrophy and neighbourhood atro-
phy (Fig. 2a). The epicentre likelihood of a given region
was defined as the average of node and neighbourhood
atrophy ranks, so that those regions with greater atrophy
that are also connected to neighbourhoods with greater
atrophy are considered more likely epicentres [43, 44].
These likelihoods were tested against spatial null models
for statistical significance. It is important to note that a
network-based epicentre does not necessarily implicate a
region as the initiation site of disease. Instead, the term
describes a region with an atrophy and connectivity pro-
file ideal for a propagator of disease pathology.

Epicentre likelihoods were examined separately for the
group average, disease stage, and single-subject atrophy
maps. For disease stage atrophy maps, after identifying
regions with significant epicentre likelihoods for each HY
stage, we explored the convergence of these epicentre
regions across the four disease stages. For the single-
subject atrophy maps, we similarly looked at the conver-
gence of significant epicentre regions across individual
PD patients. Anticipating a large degree of heterogene-
ity between individualized epicentre maps, epicentre re-
gions were also mapped to intrinsic brain networks [30]
to test if they might co-localize to common circuitry.

Spatial overlap between atrophy and brain annotations

We investigated the spatial correspondence between
PD-related atrophy and annotations of discrete brain sys-
tems, including intrinsic networks [30] and cytoarchitec-
tonic tissue classes [31, 32]. The Yeo intrinsic networks
[30] classify cortical regions into seven distinct resting-
state networks: default mode, frontoparietal, limbic, vi-
sual attention, dorsal attention, sensorimotor, and vi-
sual networks. Similarly, the von Economo classifica-
tion [31, 32] assigns cortical regions into seven cytoar-
chitectonic types: insular, limbic, primary sensory, pri-
mary/secondary sensory, association 1 and 2, and pri-
mary motor classes. For cortical thickness and surface
area maps, we computed the mean w-score within each
network or tissue class to localize the macroscale distri-
bution of atrophy in PD. Observed mean atrophy within
each system was compared against null mean distribu-
tions derived from spatial null models.

We also explored the spatial overlap between PD-
related atrophy and 18 receptor and transporter densities
that span nine neurotransmitter systems [33, 34]. Volu-
metric radiotracer maps from a total cohort of over 1,200

healthy individuals were obtained from https://github.
com/netneurolab/hansen_receptors. This included data
for acetylcholine (α4β2, M1, VAChT), cannabinoid (CB1),
dopamine (D1, D2, DAT), GABA (GABAA/BZ , histamine
(H3), glutamate (mGluR5, NMDA), norepinephrine
(NET), opioid (MOR), and serotonin (5-HT1A, 5-HT1B ,
5-HT2A, 5-HT4, 5-HT6, 5-HTT). These tracer maps were
parcellated according to the Desikan-Killiany atlas and
individually z-scored using the neuromaps toolbox [34].
For tracers with multiple available maps, we combined
them into a single map using weighted averaging. Spear-
man rank correlations assessed the relationship between
each cortical thickness, cortical surface area, and subcor-
tical volume map and each neurotransmitter map. Corre-
lations were tested against spatial null models and FDR-
corrected for multiple comparisons.

Gene expression profiles

Gene expression data were obtained from the Allen
Human Brain Atlas [35] and processed with the abagen
toolbox [92]. The dataset is composed of microarray
data derived from six post-mortem brains (5 males, 1
female; mean age ± SD = 42.5 ± 13.4 years). Probes
were reannotated following previous recommendations
[93]. Those with a signal-to-noise ratio greater than
50% were retained. If there were multiple probes of
the same gene, the one with the most consistent pattern
of regional expression across donors was selected. This
procedure resulted in a total of 15,633 genes retained.
Samples were assigned to parcels of the Desikan-Killiany
atlas [27]. This sample-to-parcel matching was restricted
to each hemisphere and within gross structural divisions
to minimize assignment errors. When a probe was not
found directly within a parcel, the nearest sample up to 2
mm away was selected. If no probes were found within 2
mm of a parcel, then the sample closest to the centroid of
the parcel across all donors was chosen. Samples unable
to be assigned to a parcel were discarded. Expression val-
ues were normalized across genes using a scaled robust
sigmoid function and rescaled to the unit interval, then
normalized across tissue samples using the same proce-
dure. Regional gene expression profiles were obtained
by first averaging across probes belonging to the same
parcels separately for each donor, then averaging across
donors. Given that data from the right hemisphere were
available from only two of the six donors, the current
analysis was restricted to the left hemisphere. In addi-
tion, due to the large transcriptional difference between
the cortex and subcortex [94] and relatively few subcor-
tical regions to assess (i.e., seven parcels), we restricted
our analysis to the cortex. Regional gene expression pro-
files were averaged across donors to construct a 34 re-
gion × 15,633 gene expression matrix that was used for
partial least squares analysis.
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Partial least squares analysis

We used partial least squares (PLS) analysis [95, 96] to
identify the patterns of gene expression associated with
PD-related atrophy (Fig. 4a). This approach identifies
latent variables that explain the maximum covariance
between matrices X (gene expression: 34 regions ×
15,633 genes) and Y (atrophy: 34 regions). The statis-
tical significance of latent variables was assessed against
the variance observed in 1,000 spatial null models. For
each significant latent variable identified, the contribu-
tion of individual genes was determined through boot-
strap resampling. This procedure involves shuffling ma-
trices X and Y , then repeating the PLS analysis 1,000
times to generate a null distribution, and using the stan-
dard errors to estimate the weight (or contribution) of
each gene. Bootstrap ratios, which are interpreted in the
same way as z-scores, were calculated as the ratio of each
gene weight to its bootstrap-estimated standard error.
Genes with larger bootstrap ratios contribute more sig-
nificantly and reliably to a given latent variable. Ranked
gene lists based on these bootstrap ratios were submitted
to gene set enrichment analysis [97].

Gene set enrichment analysis

To investigate the biological relevance of gene expres-
sion correlates of PD-related atrophy, we performed gene
set enrichment analysis (GSEA) using the WebGestalt
platform (https://www.webgestalt.org) and the Gene
Ontology knowledge base (https://geneontology.org).
GSEA tests whether the most positively and negatively
weighted genes in a ranked gene list, derived here from
bootstrap resampling, occur more frequently than ex-
pected by random chance and identifies the biological
process and cellular component terms associated with
these significant genes. The minimum and maximum
number of genes for enrichment was set to 3 and 2,000,
respectively. Results were adjusted by running 1,000 ran-
dom permutations, followed by FDR correction for mul-
tiple comparisons. We report and interpret the 10 most
positively and negatively weighted terms.

Data availability

Publicly available datasets used in this report include
the Parkinson Progression Marker Initiative (PPMI; https:
//ppmi-info.org), OpenNeuro Japan including Udall
cohort (https://openneuro.org/datasets/ds000245),
and Neurocon and Tao Wu’s datasets (https://fcon_
1000.projects.nitrc.org/indi/retro/parkinsons.html).
The PPMI – a public-private partnership – is funded by
the Michael J. Fox Foundation for Parkinson’s Research
and funding partners, including 4D Pharma, Abbvie,
AcureX, Allergan, Amathus Therapeutics, Aligning
Science Across Parkinson’s, AskBio, Avid Radiopharma-
ceuticals, BIAL, BioArctic, Biogen, Biohaven, BioLegend,
BlueRock Therapeutics, Bristol-Myers Squibb, Calico

Labs, Capsida Biotherapeutics, Celgene, Cerevel Ther-
apeutics, Coave Therapeutics, DaCapo Brainscience,
Denali, Edmond J. Safra Foundation, Eli Lilly, Gain
Therapeutics, GE HealthCare, Genentech, GSK, Golub
Capital, Handl Therapeutics, Insitro, Jazz Pharmaceuti-
cals, Johnson Johnson Innovative Medicine, Lundbeck,
Merck, Meso Scale Discovery, Mission Therapeutics,
Neurocrine Biosciences, Neuron23, Neuropore, Pfizer,
Piramal, Prevail Therapeutics, Roche, Sanofi, Servier,
Sun Pharma Advanced Research Company, Takeda,
Teva, UCB, Vanqua Bio, Verily, Voyager. Individual
ENIGMA-PD sites retain ownership of their MRI data
and only share anonymized derived data for analysis.
Data are therefore not openly available but researchers
are invited to join the ENIGMA-PD working group where
they can formally request derived data via secondary
proposals. Data requests are then considered by the
individual site’s principal investigator(s). If you are
interested in joining the ENIGMA-PD, please contact
enigma-pd@amsterdamumc.nl. For more informa-
tion, please see the working group website: https:
//enigma.ini.usc.edu/ongoing/enigma-parkinsons/.

Tools for mapping cortical parcellations to network
and cytoarchitectonic partitions and for generating spa-
tial null models are available as part of netneurotools
available at https://netneurotools.readthedocs.io/en/
latest/. Structural and functional cortico-cortical
and subcortico-cortical connectivity matrices are avail-
able as part of the enigmatoolbox available at https:
//enigma-toolbox.readthedocs.io/en/latest/. Volumet-
ric radiotracer maps of neurotransmitter receptors
and transporters are available at https://github.com/
netneurolab/hansen_receptors. Post-mortem gene ex-
pression data from the Allen Human Brain Atlas are
available as part of the abagen toolbox available at https:
//abagen.readthedocs.io/en/stable/.

Code availability

All code used to perform the analyses are available
from the corresponding author upon reasonable request.
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Figure S1: W-score maps of cortical thickness, cortical surface area, and subcortical volume from (a) the original study sample,
(b) a test subsample after HY stage stratified, propensity score matching with replacement before computing w-scores, and (c) a
test subsample after cohorts comprised of only PD patients but no HCs were removed before harmonization. W-score difference
maps between the original study sample and (b) the group-match test sample or (c) the harmonization test subsample.
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Figure S2: Brain maps of w-scores for cortical thickness (top row), surface area (middle row), and subcortical volume (bottom row)
across Hoehn and Yahr disease stages (left to right). W-scores are plotted using a shared colour scale for each brain measure to
allow visual comparisons across disease stages. Only regions surviving false discovery rate correction for multiple comparisons
(PFDR < 0.05) are shown.
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Figure S3: Brain maps of (a) structurally- and (b) functionally-defined epicentre likelihoods. Group average level (top rows)
displays epicentre likelihood ranks (left) and significant epicentres (right; Pspin/perm < 0.05) for the group average atrophy map.
Disease stage level (middle rows) shows average epicentre likelihood ranks (left) and convergence of significant epicentres (Pspin/perm

< 0.05) across the four Hoehn and Yahr disease stages. Single-subject level (bottom rows) shows average epicentre likelihood ranks
(left) and convergence of significant epicentres (Pspin/perm < 0.05) across individual atrophy maps.
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Figure S4: (a) Surface maps of neurotransmitter receptor densities significantly correlated with the pattern of cortical atrophy
in PD. (b) Scatter plots of significant correlations between neurotransmitter receptor densities and cortical atrophy. 5-HT1B =
serotonin; α4β2 = nicotinic acetylcholine receptor; H3 = histamine; VAChT = vesicular acetylcholine transporter
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TABLE S1: Demographic and clinical details of each ENIGMA-PD contributing site

Site N
cohorts

N subjects Age (mean ± SD) Sex (% female) Time since diagnosis
(mean ± SD) MoCA (mean ± SD)

HC PD HC PD HC PD HC PD HC PD

Amsterdam 3 72 203 59.38 ± 9.73 63.35 ± 9.04 40.28 37.44 – 3.60 ± 3.61 28.23 ± 1.48 26.23 ± 2.17
Bern 2 49 53 62.88 ± 8.68 63.81 ± 8.76 53.06 54.72 – 12.49 ± 4.38 – 23.00 ± 5.66
Brisbane 2 – 86 – 62.55 ± 8.80 – 30.23 – 8.66 ± 4.76 – 25.91 ± 2.58
Campinas 1 134 107 59.00 ± 7.99 60.36 ± 9.74 61.94 33.64 – 7.36 ± 6.46 – –
Chang Gung 1 223 315 60.95 ± 7.28 60.93 ± 8.44 53.81 43.49 – 8.76 ± 6.34 – –
Charlottesville 3 – 164 – 64.30 ± 8.75 – 25 – 9.12 ± 4.70 – 24.57 ± 3.70
Christchurch 1 39 208 67.54 ± 8.53 69.38 ± 7.75 33.33 26.44 – 5.75 ± 5.57 28.05 ± 1.43 23.57 ± 4.19
Donders 2 77 516 60.79 ± 9.74 62.03 ± 8.50 46.75 42.05 – 2.87 ± 1.93 27.70 ± 1.60 26.81 ± 2.48
Graz 2 124 121 63.40 ± 10.06 63.29 ± 10.13 27.42 27.27 – 4.57 ± 4.97 – –
Liege 2 74 72 65.36 ± 6.91 66.49 ± 7.57 47.3 41.67 – 6.47 ± 4.63 – –
Milan 1 10 44 53.30 ± 10.53 57.77 ± 7.71 70 31.82 – 11.42 ± 3.38 – –
Montreal 1 64 200 64.44 ± 9.99 65.52 ± 9.06 64.06 33.5 – 4.91 ± 4.53 26.16 ± 2.66 25.11 ± 3.60
NW-England 2 40 40 68.30 ± 7.25 68.75 ± 8.43 47.5 20 – 7.11 ± 4.52 27.73 ± 2.10 25.11 ± 4.01
Neurocon 1 15 27 66.73 ± 11.74 68.70 ± 10.55 80 37.04 – – 26.14 ± 3.72 25.33 ± 2.52
ON Japan 1 15 29 63.33 ± 5.25 67.83 ± 6.77 53.33 58.62 – – – –
Oxford 1 56 113 65.64 ± 8.31 64.35 ± 9.86 39.29 35.4 – 2.27 ± 1.59 27.96 ± 1.44 26.35 ± 2.80
PPMI 21 154 333 61.58 ± 10.05 62.47 ± 8.81 35.71 34.83 – 0.58 ± 0.56 28.25 ± 1.10 27.13 ± 2.27
Pennsylvania 1 12 121 70.17 ± 5.59 66.44 ± 7.79 58.33 31.4 – 7.27 ± 5.31 – 25.35 ± 3.49
Rome SLF 1 39 232 49.92 ± 6.21 63.43 ± 9.50 43.59 37.5 – 4.98 ± 4.20 – –
Stanford 1 11 44 65.82 ± 6.46 68.61 ± 8.50 81.82 50 – 5.62 ± 3.44 27.91 ± 1.58 23.93 ± 5.21
Tao Wu 1 20 19 64.75 ± 5.58 65.00 ± 4.45 40 47.37 – 5.32 ± 4.00 – –
Udall 1 16 24 62.56 ± 9.98 66.08 ± 10.02 61.11 28 – 8.93 ± 4.86 27.83 ± 1.47 26.40 ± 2.12
UCSF 1 18 25 66.00 ± 6.35 63.38 ± 7.51 31.25 37.5 – – 27.67 ± 1.63 27.17 ± 1.99
PD = Parkinson’s disease; HC = healthy controls; MoCA = Montreal Cognitive Assessment

TABLE S2: MRI scanning protocols and participant inclusion/exclusion criteria of each contributing site

Site Cohort Diagnostic
criteria

Time
between MRI
and clinical
assessment

MRI acquisition
details

PD HC

Amsterdam Amsterdam 1 UKBB Same day GE Discovery (3T);
Sagittal
3-dimensional
gradient-echo
T1-weighted
sequence (256 x 256
matrix; FOV = 25cm;
voxel size = 1 x 0.98
x 0.98 mm; TR = 7.8
ms; TE = 3.0 ms; FA
= 12°)

Inclusion: consecutive
patients seen at the
movement disorders
outpatient clinic.
Exclusion: -

No controls

Amsterdam 2 Inclusion: Subjective
cognitive complaints
(PD-CFRS > 3), HY
stage < 4. Exclusion:
dementia (SAGE < 14
or MoCA < 22), drugs
or alcohol abuse
(CAGE AID > 1),
depressive symptoms
(BDI > 18), impulse
control disorder (ICD
criteria interview),
psychotic symptoms
(SAPS-PD criteria),
tumors and significant
vascular abnormalities.

Inclusion: sex, age, and
education-matched.
Exclusion: neurological
disease, indication of
dementia (MoCA <
22), indication of
psychotic (SAPS-PD) or
depressive disorder
(BDI > 18), drugs
and/or alcohol abuse,
inability to undergo
neuropsychological
assessment, traumatic
brain injury, tumor or
vascular abnormalities.
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Amsterdam 3 Inclusion: early stage,
non-demented PD
patients who were not
using dopamine
replacement therapy.
Exclusion: current
psychiatric or
neurological disorders
other than PD, a Beck
Depression Inventory
(BDI) score>15 and a
Mini Mental State
Examination (MMSE)
score <24.

Inclusion: sex, age,
education, and
handedness-matched.
Exclusion: current
psychiatric or
neurological disorders,
a Beck Depression
Inventory (BDI) score
>15 and a Mini Mental
State Examination
(MMSE) score <24.

Bern BE 1 UKBB Within 7 days Siemens Verio (3T);
MDEFT sequence (1
mm³ isotropic voxel;
TR = 7.92 ms, TE =
2.48 ms, TI = 910
ms)

Inclusion: PD and
familial forms of
typical Parkinsonian
syndromes, motor
complications of
dopaminergic
medication that are at
least moderately
bothersome to the
patient. Exclusion: age
> 85 years, surgical or
medical
contraindications for a
deep brain stimulation
(DBS)-implantation,
severe medical illness,
severe personality
disorder, dementia
(DSM-V criteria and
MMSE < 20, current
psychosis, ongoing
major depression
(BDI-II > 23) or
depression of any
severity with suicidal
ideation.

Inclusion: sex and age
matched. Exclusion: -

BE 2 Siemens Trio Tim
(3T); as above

Brisbane Brisbane 1 UKBB <2 days GE (3T) Axial 3D
SPGR, TE: Minimum;
TI: 450(ms); Flip
angle = 15°; 166
slices; Voxels 256 ×
256; Voxel size = 1
mm isotropic.

Inclusion: PD patients
were being assessed for
STN-DBS, and were at
Hoehn and Yahr stage
2 or greater with motor
fluctuations or other
motor complications
related to
dopaminergic therapy.
Exclusion: Mini-Mental
State Examination
Score (MMSE) of <25
or a clinical diagnosis
of PD dementia
according to published
Movement Disorder
Society criteria.

No controls.
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Brisbane 2 Siemens Prisma (3T)
3D T1-weighted
MPRAGE; TR = 2000
ms; TE = 2.8(ms); TI
= 929 ms; Axial
acquisition; 196
slices; Voxels 256 ×
256; Voxel size = 1
mm isotropic.

Campinas UNICAMP UKBB 15.3 days on
average
(SD=11.1)

Philips Achieva (3T);
3D T1-weighted
image acquired on
the sagittal plane
(FOV of 240 ×
240mm; 1 mm³
isotropic voxel, TR =
7ms, TE = 3.2ms; FA
= 8°)

Inclusion: idiopathic
PD, taking
antiparkinsonian
medications, age > 30
years. Exclusion:
clinically significant
musculoskeletal,
cardiovascular,
respiratory or other
neurological disease.

Inclusion: age > 30
years old. Exclusion:
clinically significant
musculoskeletal,
cardiovascular,
respiratory or
neurological disease.

Chang Gung CGU NINDS Within 30
days, except
for one
participant
(45 days)

Siemens Magnetom
TrioTim (3T);
T1-weighted images
were acquired using
an MPRAGE (224 ×
256 matrix; FOV =
224 × 256 mm; 1
mm³ isotropic voxel;
TE = 2.63 ms; TR =
2000 ms, FA = 9°)

Inclusion: diagnosis of
probable PD, ability to
tolerate treatment
discontinuation for 12
hours. Exclusion:
major physical
illnesses, psychiatric
disorders, known brain
abnormalities, history
of intracranial surgery,
pharmacotherapy for
more than ten years or
treatment with drugs
able to cross the
blood-brain-barrier
(other than those used
to treat PD).

Inclusion: aged
between 50-90.
Exclusion: same as in
PD.

Charlottesville Charlottesville
1

PD
diagnosis
confirmed
by
neurologist

73.9 days on
average

Siemens (3T); Stock
MPRAGE. Acquisition
parameters vary by
scanner protocol.
Voxel size varied but
did not exceed 1 × 1
× 1.2 mm.

Inclusion: PD diagnosis
with a motor symptom
that is not (or
inconsistently)
responsive to oral
medication. Exclusion:
-

No controls.

Charlottesville
2
Charlottesville
3

Christchurch Christchurch UKBB 28 days on
average
(SD=48)

General Electric HDx
(3T); SPGR sequence

Inclusion: met the UK
Parkinson’s Society
criteria for PD, motor
symptoms present for
at least 1 year at study
entry. Exclusion:
atypical parkinsonian
disorder, history of
moderate/severe head
injury, stroke, early-life
learning disability,
major psychiatric or
medical illness in the
previous 6 months,
poor English
(precluding testing).

Inclusion: - Exclusion:
neurological
disease/disorder;
history of
moderate/severe head
injury, stroke, early-life
learning disability,
major psychiatric or
medical illness in the
previous 6 months,
poor English
(precluding testing).
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Donders Donders 1 UKBB Same day Siemens Magnetom
Trio (3T); 3D T1
weighted image
acquired on the
sagittal plane (FOV
of 256 × 256mm; 1
mm³ isotropic voxel,
TR =2300, TE =
3.03, TI = 1100, FA
= 8°)

Inclusion: Idiopathic
PD, UPDRS
tremor-score > 2,
dopaminergic therapy
with a clear clinical
response of non-tremor
symptoms
(bradykinesia,
rigidity), HY stage 1-3.
Exclusion:
Neurological or
psychiatric
comorbidity, severe
head tremor or
dyskinesias, cognitive
impairment (MMSE <
26), co-medication
associated with
elongated QT-time,
pregnancy, age < 25
years.

Inclusion: same
age/gender balance as
PD patients. Exclusion:
Neurological or
psychiatric disease,
cognitive impairment
(MMSE < 26),
medication associated
with elongated
QT-time, pregnancy,
age < 25 years.

Donders 2 Siemens Magnetom
Prisma (3T);
T1-weighted
anatomical acquired
using an MPRAGE
sequence. 1 mm³
isotropic; FOV = 256
mm; 192 slices;
TR/TE/TI =
2000/2/880 ms;
FA=8°.

Inclusion: Idiopathic
PD diagnosed by a
certified neurologist.
0-5 years disease
duration. >18 years of
age. Able to read and
understand Dutch.
Able to provide
informed consent and
comply with all aspects
of the study protocol.
Exclusion:
Co-morbidities severe
enough to impair
interpretation of
parkinsonian disability.
Contraindications to
magnetic resonance
imaging. Pregnancy or
breastfeeding. Nickel
allergy.

Same as for PD
patients, with the
additional exclusion
criteria of having
co-morbidities that
would influence the
interpretability of
results from group
comparisons with PD
patients.

Graz PROMOVE
ASPS 1

QSBB 90% same
day, max of 4
weeks

Siemens Magnetom
Trio/Prisma (3T);
PD: structural
T1-weighted
MPRAGE sequence (1
mm³ isotropic voxel;
TR = 1900 ms; TI =
900 ms; FA = 9°; +
TE: 2.19 ms (101
patients) + TE: 2.7
ms (23 patients); HC:
structural
T1-weighted
MPRAGE sequence (1
mm³ isotropic voxel;
TR = 1900 ms; TE =
2.19 ms; TI = 900
ms; FA = 9°)

Inclusion: Clinical
diagnosis of PD.
Exclusion: MMSE <24,
secondary
parkinsonism, atypical
parkinsonian diseases,
a history of neuroleptic
drugs, structural
abnormalities on
routine MRI scans or a
history of previous
stroke.

Inclusion: No history of
previous stroke or
dementia and a normal
neurologic
examination.
Exclusion: -

PROMOVE
ASPS 2

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

The copyright holder for this preprint this version posted May 29, 2025. ; https://doi.org/10.1101/2025.05.25.25326586doi: medRxiv preprint 

https://doi.org/10.1101/2025.05.25.25326586
http://creativecommons.org/licenses/by-nc-nd/4.0/


29

Liege Liege 1 UKBB Same day Siemens Magnetom
Allegra(3T); 3D
multi-echo fast low
angle shot (FLASH)
sequence (256 × 224
matrix; 1 mm³
isotropic voxel; TR =
18.7 ms; TE =
2.2-14.7 ms; FA
=20°)

Inclusion:
Non-demented PD
patients. Exclusion: -

Inclusion: age, sex,
and highest achieved
education level
matched. Exclusion: -

Liege 2
Milan Milan UKBB Within 1

month
Philips Achieva (3T);
240 × 240mm
matrix; 1 mm³
isotropic voxel; FOV
=33.7 × 24 cm; TR
= 9.81 ms; TE = 4.6
ms; FA =8°

Inclusion: PD
diagnosis. Exclusion: -

Inclusion: - Exclusion:
-

Montreal Montreal PD
diagnosis
confirmed
by
neurologist

Within 6
months

Siemens Prisma (3T);
3DT1 (sagittal
MPRAGE); slice
thickness = 1 mm³,
TR = 2.3 s, TE =
2.98 ms, TI = 900
ms, FA = 9°

Inclusion: PD
diagnosis, 18 years of
age or older, and able
to read and understand
French or English.
Exclusion: clinical
diagnosis of dementia,
other movement
disorder, or other
serious neurological
illnesses; taking
neuroleptics;
claustrophobia, heart
implants, or other
contraindications to
MRI.

Inclusion: 18 years of
age or older and able
to read and understand
French or English.
Exclusion: clinical
diagnosis of dementia
or a serious
neurological illness;
claustrophobia, heart
implants, or other
contraindications to
MRI.

NW-England NW-England 1 UKBB Same day Philips Achieva (3T);
MPRAGE IR Method
(voxel size 0.94 ×
0.94 × 1 mm; FOV =
240 (AP) × 192 (RL)
mm, TR = 8.4 ms, TE
=3.9 ms, TI =1150
ms, FA = 8°)

Inclusion: PD diagnosis
without known clinical
cardiovascular disease
or dementia. No other
significant neurological
conditions.

Inclusion: age-matched
to PD group and
without a history of
idiopathic PD or
clinical CVD, or any
other significant
neurological condition.

NW-England 2
Neurocon Neurocon MDS Not available Siemens Avanto

(1.5T); MPRAGE IR
Method. (voxelsize
0.97 × 0.97 × 1mm;
TR = 1940ms; TE =
3.08ms)

Inclusion: Early- or
moderate-stage of PD.
Exclusion: -

Inclusion: no history of
neurological or
psychiatric disease.

ON Japan ON Japan UKBB Not available Siemens Magnetom
Verio (3T); High
resolution
T1-weighted images
(256 × 256 matrix
size; FOV = 256 mm;
TR = 2.5 s, TE =
2.48 ms)

Inclusion: - Exclusion:
history of other
neurological or
psychiatric disease,
focal white matter
abnormalities. ACE-R
score 88, psychiatric
symptoms
(hallucinations,
depression, etc.).

Inclusion: - Exclusion:
neurological disease,
family history of PD, or
hyposmia, and with an
ACE-R score > 88 in
the study.
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Oxford Oxford
DISCOVERY

UKBB 108 days on
average
(SD=104)

Siemens Trio (3T);
MPRAGE (1 mm³
isotropic voxel, TE =
4.7 ms; TR = 2040
ms; TI = 900 ms; FA
= 8°)

Inclusion: PD diagnosis
within the past 3.5
years. Full details of
criteria areavailable at:
Szewczyk-Krolikowski
K et al. (2013). No
atypical features to
suggest an alternative
diagnosis. Exclusion:
secondary
parkinsonism due to
head trauma or
medication use,
atypical parkinsonism
syndromes (multiple
system atrophy,
progressive supra
nuclear palsy,
corticobasal
degeneration,
dementia with Lewy
bodies), documented
postural BP drop on
standardized
measurement or
significant urinary
symptoms.

Inclusion: controls
without blood relatives
with PD.

PPMI PPMI 1-21 MDS Same day Siemens Trio Tim
(3T); T1-3D e.g.
MPRAGE, SPGR,
Sagittal (56 × 256 ×
170-200 matrix; slice
thickness = 1.2 mm;
voxel size = 1 × 1 ×
1.2 mm)

Inclusion and exclusion
criteria detailed here:
www.ppmi-info.org/
wp-content/uploads/
2013/02/PPMI-
Protocol-AM5-Final-
27Nov2012v6-2.pdf.

Inclusion and exclusion
criteria detailed here:
www.ppmi-
info.org/wp-
content/uploads/2013/02/PPMI-
Protocol-AM5-Final-
27Nov2012v6-2.pdf.

Pennsylvania Pennsylvania UKBB MoCA: 53.7
days on
average
(SD=67.1)
HY: 51.4 days
on average
(SD=65.0)

Siemens Trio/Prisma
(3T); 3D MPRAGE
Sagittal and Axial
(slice thickness = 1
mm; TR
=1620/1800/2300
ms; TE =
2.95/3.8/3.09 ms; TI
= 900/950 ms)

Inclusion: clinical
diagnosis of PD.
Exclusion: -

Inclusion: > 40 years
of age, MMSE > 27, a
negative self-reported
history of neurological
or psychiatric
condition, and MRI
safe (e.g., no metal,
claustrophobia).
Exclusion: -
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Rome SLF Rome SLF MDS 1 day Siemens Allegra
(3T); T1MDEFT (256
× 224 matrix; 1 mm³
isotropic voxel; TR =
7.92 ms; TE = 2.4
ms; FA = 15°)

Inclusion: diagnosis of
idiopathic, MMSE score
> 26, no dementia.
Exclusion: presence of
major nonstabilized
medical, known or
suspected history of
alcoholism, drug
dependence and abuse,
head trauma, and
mental disorders (apart
from mood or anxiety
disorders, history of
neurological diseases
other than idiopathic
PD, unclear history of
chronic dopaminergic
treatment
responsiveness.

Inclusion: vision and
hearing sufficient for
compliance with
testing procedures,
laboratory values
within normal
reference intervals,
neuropsychological
domain scores above
normal cognitive level
cutoff scores, corrected
for age and educational
level. Exclusion:
dementia or MCI
diagnosis, confirmed
by a comprehensive
neuropsychological
battery, MMSE score <
26, presence of major
non stabilized medical
illnesses, known or
suspected history of
alcoholism, drug
dependence and abuse,
head trauma, and
mental disorders (apart
from mood or anxiety
disorders).

Stanford Stanford UKBB Within 3
months

General Electric
SIGNA (3T); FSPGR
3D T1 scan

Inclusion: > 20%
improvement on
MDS-UPDRS part III
ON meds compared to
OFF meds. Exclusion: -

Inclusion: normal
neurological exam and
normal
neuropsychiatric
battery (within 1.5 SD
of age- and education-
adjusted norms).
Exclusion: -

Tao Wu Tao Wu MDS 1–2 days Siemens Magnetom
Trio (3T); MPRAGE
IR method (1 mm³
isotropic voxel; TR =
1100 ms; TE =3.39
ms)

Inclusion: diagnosis of
PD based on medical
history, physical and
neurological
examinations, response
to levodopa or
dopaminergic drugs,
and laboratory tests
and MRI scans to
exclude other diseases.
Exclusion: -

Inclusion: - Exclusion:
-
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UCSF UCSF MDS 1–2 days Siemens Skyra (3T)
3D T1-weighted
MPRAGE; TR = 2300
ms; TE = 3 ms; TI =
1000 ms; Flip Angle
= 9°; Acquisition
plane: Sagittal; 256
slices; FOV = 256 ×
256; Voxel size = 1
× 1 × 1 mm³

Inclusion: Ages 40 to
85; Healthy or
Diagnosis of
Parkinson’s disease and
mild to moderate
symptoms defined by a
Hoehn and Yahr score
of 1.0 to 3.0. ;
Diagnosis of a
movement disorder
with Parkinsonian
symptoms, including
but not limited to
multiple system
atrophy. Exclusion:
Any contra-indication
for undergoing MRI,
including pregnancy,
pacemakers, or other
implanted electronic
electric devices.
Subjects may also be
excluded for having
various types of metal
in their bodies. This
will be evaluated by
trained staff on a
case-by-case basis.
claustrophobia that
would cause the
subject difficulty
abnormal MRI findings,
such as severe cortical
or subcortical atrophy,
brain tumors, major
vascular disease; prior
brain surgery; alcohol
or other substance
abuse; history of
encephalitis, multiple
sclerosis, other CNS
infection, epilepsy, or
primary CNS disease
besides PD, loss of
consciousness for more
than 2 minutes; clinical
diagnosis of dementia,
as indicated by clinical
interview (mild
cognitive impairment
will be accepted);
ongoing severe
hallucinations; prior
exposure to neuroleptic
agents; Inability to give
informed consent.

Inclusion: - Exclusion:
Any contra-indication
for undergoing MRI,
including pregnancy,
pacemakers, or other
implanted electronic
electric devices.
Subjects may also be
excluded for having
various types of metal
in their bodies. This
will be evaluated by
trained staff on a
case-by-case basis.
claustrophobia that
would cause the
subject difficulty
abnormal MRI findings,
such as severe cortical
or subcortical atrophy,
brain tumors, major
vascular disease; prior
brain surgery; alcohol
or other substance
abuse; history of
encephalitis, multiple
sclerosis, other CNS
infection, epilepsy, or
primary CNS disease
besides PD, loss of
consciousness for more
than 2 minutes; clinical
diagnosis of dementia,
as indicated by clinical
interview (mild
cognitive impairment
will be accepted);
ongoing severe
hallucinations; prior
exposure to neuroleptic
agents; Inability to give
informed consent.
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Udall Udall Not
available

Not available Philips Achieva (3T);
sagittal T1-weighted
3D MPRAGE (176
slices, matrix size =
256 × 256, inversion
time = 1100 ms,
turbo-field echo
factor = 225, TR =
7.46 ms, TE = 3.49
ms, flip angle = 7°,
shot interval = 2530
ms) with 1 mm
isotropic voxels

Inclusion: - Exclusion:
potential participants
were excluded if they
had a history of any
primary
neurodegenerative
disease other than
idiopathic PD, brain
surgery (including
placement of a deep
brain stimulator),
moderate to severe
dyskinesia, significant
head trauma, stroke
history, severe or
unstable cardiovascular
disease,
contraindications to
MRI, or a Montreal
Cognitive Assessment
score (MoCA)
(Nasreddine et al.,
2005) < 23.

Not available.

PD = Parkinson’s disease; HC = healthy controls; TR = repetition time; TE = echo time; TI = inversion time; FOV = field of view;
FA = flip angle; UKBB = UK Biobank; MDS = Movement Disorders Society; QSBB = Queen Square Brain Bank; NINDS = National
Institute of Neurological Disorders and Stroke
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TABLE S3: Demographics of the age- and sex-matched subsample

PD HC SMD
N 2555 867 -
Age (mean ± SD) 63.69 (9.09) 62.94 (9.33) 0.08
Sex (% female) 0.37 0.43 0.12

PD = Parkinson’s disease; HC = healthy controls; SD
= standard deviation; SMD = standard mean differ-
ence

TABLE S4a: One-sample t-test of cortical thickness w-score estimates

Region Mean SD T-stat P Value PFDR

left bankssts -0.259 1.042 -13.858 <0.001 <0.001
left caudalanteriorcingulate 0.071 1.030 3.827 <0.001 <0.001
left caudalmiddlefrontal -0.179 1.074 -9.291 <0.001 <0.001
left cuneus -0.113 1.012 -6.203 <0.001 <0.001
left entorhinal -0.170 1.052 -9.006 <0.001 <0.001
left fusiform -0.314 1.089 -16.039 <0.001 <0.001
left inferiorparietal -0.282 1.090 -14.410 <0.001 <0.001
left inferiortemporal -0.336 1.086 -17.227 <0.001 <0.001
left isthmuscingulate -0.217 1.010 -11.978 <0.001 <0.001
left lateraloccipital -0.214 1.033 -11.514 <0.001 <0.001
left lateralorbitofrontal -0.142 1.088 -7.248 <0.001 <0.001
left lingual -0.156 1.018 -8.550 <0.001 <0.001
left medialorbitofrontal -0.155 1.042 -8.275 <0.001 <0.001
left middletemporal -0.327 1.034 -17.605 <0.001 <0.001
left parahippocampal -0.183 1.020 -9.999 <0.001 <0.001
left paracentral -0.143 1.149 -6.941 <0.001 <0.001
left parsopercularis -0.073 1.077 -3.756 <0.001 <0.001
left parsorbitalis -0.133 1.022 -7.231 <0.001 <0.001
left parstriangularis -0.105 1.039 -5.623 <0.001 <0.001
left pericalcarine -0.087 1.082 -4.498 <0.001 <0.001
left postcentral -0.125 1.055 -6.594 <0.001 <0.001
left posteriorcingulate -0.099 1.046 -5.247 <0.001 <0.001
left precentral -0.158 1.168 -7.521 <0.001 <0.001
left precuneus -0.197 1.098 -9.961 <0.001 <0.001
left rostralanteriorcingulate -0.007 1.014 -0.378 0.706 0.716
left rostralmiddlefrontal -0.092 1.070 -4.801 <0.001 <0.001
left superiorfrontal -0.138 1.081 -7.083 <0.001 <0.001
left superiorparietal -0.154 1.093 -7.851 <0.001 <0.001
left superiortemporal -0.252 1.058 -13.228 <0.001 <0.001
left supramarginal -0.226 1.108 -11.321 <0.001 <0.001
left frontalpole -0.027 1.009 -1.511 0.131 0.137
left temporalpole -0.133 1.076 -6.873 <0.001 <0.001
left transversetemporal -0.132 1.032 -7.121 <0.001 <0.001
left insula -0.051 1.036 -2.759 0.006 0.006
right bankssts -0.254 1.094 -12.938 <0.001 <0.001
right caudalanteriorcingulate -0.006 1.067 -0.332 0.740 0.740
right caudalmiddlefrontal -0.069 1.109 -3.464 0.001 0.001
right cuneus -0.102 1.010 -5.635 <0.001 <0.001
right entorhinal -0.204 1.047 -10.833 <0.001 <0.001
right fusiform -0.277 1.057 -14.569 <0.001 <0.001
right inferiorparietal -0.305 1.080 -15.707 <0.001 <0.001
right inferiortemporal -0.299 1.056 -15.752 <0.001 <0.001
right isthmuscingulate -0.244 1.062 -12.798 <0.001 <0.001
right lateraloccipital -0.225 1.004 -12.496 <0.001 <0.001
right lateralorbitofrontal -0.171 1.037 -9.193 <0.001 <0.001
right lingual -0.148 1.006 -8.172 <0.001 <0.001
right medialorbitofrontal -0.134 1.039 -7.174 <0.001 <0.001
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right middletemporal -0.319 1.067 -16.652 <0.001 <0.001
right parahippocampal -0.194 1.066 -10.142 <0.001 <0.001
right paracentral -0.063 1.115 -3.121 0.002 0.002
right parsopercularis -0.072 1.042 -3.871 <0.001 <0.001
right parsorbitalis -0.095 0.984 -5.399 <0.001 <0.001
right parstriangularis -0.033 1.048 -1.764 0.078 0.084
right pericalcarine -0.057 1.065 -2.998 0.003 0.003
right postcentral -0.133 1.075 -6.863 <0.001 <0.001
right posteriorcingulate -0.181 1.055 -9.562 <0.001 <0.001
right precentral -0.096 1.138 -4.708 <0.001 <0.001
right precuneus -0.249 1.098 -12.634 <0.001 <0.001
right rostralanteriorcingulate -0.010 1.088 -0.536 0.592 0.610
right rostralmiddlefrontal -0.029 1.056 -1.514 0.130 0.137
right superiorfrontal -0.145 1.098 -7.362 <0.001 <0.001
right superiorparietal -0.212 1.073 -10.996 <0.001 <0.001
right superiortemporal -0.218 1.044 -11.643 <0.001 <0.001
right supramarginal -0.255 1.102 -12.861 <0.001 <0.001
right frontalpole -0.130 1.031 -7.026 <0.001 <0.001
right temporalpole -0.148 1.089 -7.539 <0.001 <0.001
right transversetemporal -0.142 1.062 -7.418 <0.001 <0.001
right insula -0.097 1.046 -5.137 <0.001 <0.001

TABLE S4b: One-sample t-test of cortical surface area w-score estimates

Region Mean SD T-stat P Value PFDR

left bankssts -0.044 1.048 -2.356 0.019 0.025
left caudalanteriorcingulate -0.005 1.008 -0.263 0.793 0.793
left caudalmiddlefrontal -0.017 1.065 -0.873 0.383 0.407
left cuneus -0.144 0.989 -8.087 <0.001 <0.001
left entorhinal -0.051 1.034 -2.738 0.006 0.009
left fusiform -0.113 1.085 -5.808 <0.001 <0.001
left inferiorparietal -0.122 1.066 -6.387 <0.001 <0.001
left inferiortemporal -0.104 1.071 -5.396 <0.001 <0.001
left isthmuscingulate 0.061 1.087 3.108 0.002 0.003
left lateraloccipital -0.190 1.028 -10.289 <0.001 <0.001
left lateralorbitofrontal -0.125 1.041 -6.698 <0.001 <0.001
left lingual -0.164 1.033 -8.850 <0.001 <0.001
left medialorbitofrontal -0.083 1.060 -4.337 <0.001 <0.001
left middletemporal -0.156 1.017 -8.550 <0.001 <0.001
left parahippocampal -0.033 1.067 -1.745 0.081 0.098
left paracentral 0.030 1.009 1.641 0.101 0.118
left parsopercularis -0.026 1.023 -1.413 0.158 0.179
left parsorbitalis -0.115 1.059 -6.032 <0.001 <0.001
left parstriangularis -0.052 1.018 -2.866 0.004 0.006
left pericalcarine -0.134 1.017 -7.350 <0.001 <0.001
left postcentral -0.017 1.040 -0.921 0.357 0.391
left posteriorcingulate -0.008 1.080 -0.388 0.698 0.708
left precentral -0.037 1.037 -1.988 0.047 0.060
left precuneus -0.138 1.021 -7.546 <0.001 <0.001
left rostralanteriorcingulate -0.032 1.065 -1.667 0.096 0.114
left rostralmiddlefrontal -0.151 1.067 -7.861 <0.001 <0.001
left superiorfrontal -0.107 1.042 -5.708 <0.001 <0.001
left superiorparietal -0.154 0.984 -8.737 <0.001 <0.001
left superiortemporal -0.082 1.038 -4.372 <0.001 <0.001
left supramarginal -0.089 1.051 -4.689 <0.001 <0.001
left frontalpole -0.195 1.007 -10.761 <0.001 <0.001
left temporalpole -0.066 1.017 -3.589 <0.001 0.001
left transversetemporal 0.073 1.053 3.851 <0.001 <0.001
left insula -0.033 1.045 -1.768 0.077 0.095
right bankssts -0.011 1.057 -0.598 0.550 0.576
right caudalanteriorcingulate -0.028 1.020 -1.507 0.132 0.152
right caudalmiddlefrontal -0.044 1.006 -2.420 0.016 0.021
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right cuneus -0.190 1.022 -10.348 <0.001 <0.001
right entorhinal -0.086 1.005 -4.743 <0.001 <0.001
right fusiform -0.116 1.106 -5.858 <0.001 <0.001
right inferiorparietal -0.085 1.049 -4.497 <0.001 <0.001
right inferiortemporal -0.100 1.037 -5.387 <0.001 <0.001
right isthmuscingulate 0.104 1.070 5.399 <0.001 <0.001
right lateraloccipital -0.181 1.030 -9.797 <0.001 <0.001
right lateralorbitofrontal -0.036 1.017 -1.961 0.050 0.063
right lingual -0.186 1.001 -10.313 <0.001 <0.001
right medialorbitofrontal -0.096 1.052 -5.098 <0.001 <0.001
right middletemporal -0.154 1.055 -8.142 <0.001 <0.001
right parahippocampal 0.019 1.150 0.911 0.363 0.391
right paracentral 0.051 1.069 2.637 0.008 0.012
right parsopercularis -0.047 1.056 -2.476 0.013 0.019
right parsorbitalis -0.058 1.038 -3.087 0.002 0.003
right parstriangularis -0.075 1.081 -3.848 <0.001 <0.001
right pericalcarine -0.124 1.014 -6.794 <0.001 <0.001
right postcentral -0.067 1.050 -3.531 <0.001 0.001
right posteriorcingulate -0.046 1.028 -2.507 0.012 0.017
right precentral 0.019 1.045 1.035 0.301 0.335
right precuneus -0.063 1.082 -3.215 0.001 0.002
right rostralanteriorcingulate -0.100 1.047 -5.315 <0.001 <0.001
right rostralmiddlefrontal -0.152 1.048 -8.074 <0.001 <0.001
right superiorfrontal -0.080 1.062 -4.202 <0.001 <0.001
right superiorparietal -0.098 1.016 -5.345 <0.001 <0.001
right superiortemporal -0.048 1.054 -2.523 0.012 0.017
right supramarginal -0.075 1.036 -4.026 <0.001 <0.001
right frontalpole -0.080 1.013 -4.375 <0.001 <0.001
right temporalpole -0.042 1.034 -2.277 0.023 0.030
right transversetemporal 0.007 1.028 0.391 0.696 0.708
right insula -0.078 1.040 -4.146 <0.001 <0.001

TABLE S4c: One-sample t-test of subcortical volume w-score estimates

Region Mean SD T-stat P Value PFDR

left lateral ventricle 0.132 1.167 6.292 <0.001 <0.001
left thalamus 0.087 1.085 4.438 <0.001 <0.001
left caudate -0.120 1.113 -5.983 <0.001 <0.001
left putamen -0.204 1.100 -10.298 <0.001 <0.001
left pallidum -0.068 1.122 -3.353 0.001 0.001
left hippocampus -0.143 1.078 -7.379 <0.001 <0.001
left amygdala -0.252 1.057 -13.263 <0.001 <0.001
left accumbens -0.133 1.041 -7.131 <0.001 <0.001
right lateral ventricle 0.173 1.201 8.033 <0.001 <0.001
right thalamus 0.038 1.092 1.957 0.050 0.054
right caudate -0.051 1.090 -2.599 0.009 0.011
right putamen -0.197 1.072 -10.229 <0.001 <0.001
right pallidum -0.030 1.097 -1.542 0.123 0.123
right hippocampus -0.153 1.086 -7.826 <0.001 <0.001
right amygdala -0.176 1.073 -9.131 <0.001 <0.001
right accumbens -0.133 1.078 -6.844 <0.001 <0.001

TABLE S5a: Relationships between cortical thickness with clinical variables in PD

Region HY disease stage Time since diagnosis Global cognition
ρ P value PFDR β P value PFDR β P value PFDR

left bankssts -0.059 0.003 0.008 -0.007 0.060 0.091 -0.027 0.001 0.003
left caudalanteriorcingulate 0.029 0.146 0.168 0.002 0.596 0.623 0.005 0.532 0.557
left caudalmiddlefrontal -0.040 0.045 0.063 -0.013 0.001 0.006 -0.027 0.001 0.003
left cuneus -0.031 0.118 0.144 -0.009 0.012 0.026 -0.004 0.608 0.626
left entorhinal -0.075 0.000 0.001 -0.009 0.019 0.037 -0.013 0.101 0.120
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left fusiform -0.085 0.000 0.000 -0.016 0.000 0.000 -0.042 0.000 0.000
left inferiorparietal -0.079 0.000 0.000 -0.019 0.000 0.000 -0.023 0.005 0.010
left inferiortemporal -0.080 0.000 0.000 -0.012 0.002 0.006 -0.032 0.000 0.000
left isthmuscingulate -0.066 0.001 0.003 -0.008 0.032 0.055 -0.018 0.018 0.028
left lateraloccipital -0.049 0.014 0.025 -0.008 0.029 0.050 -0.006 0.425 0.452
left lateralorbitofrontal -0.052 0.009 0.019 -0.007 0.099 0.137 -0.015 0.077 0.099
left lingual -0.082 0.000 0.000 -0.006 0.126 0.168 -0.021 0.006 0.011
left medialorbitofrontal -0.021 0.290 0.299 -0.004 0.275 0.323 -0.008 0.338 0.365
left middletemporal -0.113 0.000 0.000 -0.012 0.001 0.006 -0.037 0.000 0.000
left parahippocampal -0.056 0.004 0.011 -0.007 0.062 0.091 -0.013 0.085 0.105
left paracentral -0.024 0.231 0.254 -0.004 0.318 0.355 -0.028 0.001 0.004
left parsopercularis -0.071 0.000 0.002 -0.013 0.001 0.004 -0.025 0.002 0.005
left parsorbitalis -0.034 0.088 0.109 -0.005 0.195 0.239 -0.012 0.112 0.132
left parstriangularis -0.046 0.020 0.031 -0.014 0.000 0.002 -0.033 0.000 0.000
left pericalcarine -0.035 0.080 0.100 -0.008 0.043 0.071 -0.017 0.043 0.058
left postcentral -0.038 0.053 0.069 -0.010 0.009 0.020 -0.039 0.000 0.000
left posteriorcingulate -0.031 0.120 0.144 -0.003 0.370 0.405 -0.011 0.165 0.184
left precentral -0.051 0.011 0.022 -0.012 0.005 0.013 -0.042 0.000 0.000
left precuneus -0.066 0.001 0.003 -0.017 0.000 0.000 -0.022 0.009 0.015
left rostralanteriorcingulate -0.021 0.297 0.301 -0.004 0.314 0.355 -0.011 0.149 0.169
left rostralmiddlefrontal -0.047 0.018 0.029 -0.011 0.007 0.016 -0.036 0.000 0.000
left superiorfrontal -0.039 0.049 0.067 -0.011 0.006 0.015 -0.026 0.002 0.004
left superiorparietal -0.053 0.007 0.018 -0.015 0.000 0.001 -0.027 0.001 0.004
left superiortemporal -0.097 0.000 0.000 -0.012 0.002 0.006 -0.037 0.000 0.000
left supramarginal -0.089 0.000 0.000 -0.010 0.014 0.029 -0.030 0.000 0.002
left frontalpole -0.039 0.050 0.067 -0.004 0.275 0.323 -0.023 0.003 0.007
left temporalpole -0.050 0.012 0.023 -0.013 0.001 0.004 -0.018 0.029 0.041
left transversetemporal -0.066 0.001 0.003 -0.014 0.000 0.002 -0.029 0.000 0.001
left insula -0.049 0.012 0.023 -0.007 0.048 0.076 -0.023 0.004 0.008
right bankssts -0.056 0.004 0.011 -0.005 0.197 0.239 -0.025 0.003 0.006
right caudalanteriorcingulate -0.047 0.017 0.028 -0.003 0.506 0.538 -0.010 0.210 0.231
right caudalmiddlefrontal -0.037 0.063 0.081 -0.008 0.046 0.074 -0.027 0.002 0.004
right cuneus -0.022 0.268 0.285 -0.007 0.054 0.083 -0.004 0.623 0.632
right entorhinal -0.067 0.001 0.003 -0.012 0.002 0.006 -0.015 0.069 0.091
right fusiform -0.084 0.000 0.000 -0.013 0.001 0.005 -0.041 0.000 0.000
right inferiorparietal -0.067 0.001 0.003 -0.018 0.000 0.000 -0.024 0.003 0.007
right inferiortemporal -0.059 0.003 0.008 -0.012 0.002 0.006 -0.028 0.001 0.002
right isthmuscingulate -0.051 0.010 0.022 -0.003 0.376 0.406 -0.019 0.019 0.029
right lateraloccipital -0.042 0.034 0.050 -0.013 0.001 0.003 -0.021 0.007 0.013
right lateralorbitofrontal -0.053 0.008 0.018 -0.006 0.113 0.154 -0.019 0.015 0.024
right lingual -0.049 0.014 0.025 -0.006 0.096 0.135 -0.019 0.017 0.027
right medialorbitofrontal -0.041 0.038 0.054 -0.005 0.191 0.239 -0.012 0.123 0.142
right middletemporal -0.069 0.000 0.002 -0.010 0.008 0.019 -0.030 0.000 0.001
right parahippocampal -0.051 0.010 0.022 -0.002 0.699 0.721 -0.025 0.002 0.004
right paracentral -0.023 0.256 0.276 -0.006 0.145 0.185 -0.028 0.001 0.003
right parsopercularis -0.044 0.025 0.036 -0.012 0.002 0.006 -0.018 0.026 0.038
right parsorbitalis -0.030 0.125 0.146 -0.005 0.143 0.185 -0.013 0.094 0.114
right parstriangularis -0.022 0.275 0.288 -0.007 0.081 0.117 -0.019 0.018 0.028
right pericalcarine -0.025 0.198 0.224 -0.004 0.308 0.355 -0.017 0.042 0.058
right postcentral -0.024 0.218 0.243 -0.010 0.013 0.026 -0.033 0.000 0.000
right posteriorcingulate -0.081 0.000 0.000 -0.015 0.000 0.001 -0.014 0.078 0.099
right precentral -0.045 0.024 0.036 -0.010 0.020 0.037 -0.037 0.000 0.000
right precuneus -0.068 0.001 0.002 -0.018 0.000 0.000 -0.030 0.000 0.002
right rostralanteriorcingulate 0.007 0.707 0.707 0.000 0.928 0.928 -0.003 0.726 0.726
right rostralmiddlefrontal -0.047 0.017 0.028 -0.009 0.023 0.042 -0.015 0.054 0.073
right superiorfrontal -0.050 0.011 0.022 -0.013 0.001 0.004 -0.030 0.000 0.002
right superiorparietal -0.050 0.012 0.023 -0.018 0.000 0.000 -0.024 0.004 0.007
right superiortemporal -0.070 0.000 0.002 -0.008 0.026 0.046 -0.032 0.000 0.000
right supramarginal -0.091 0.000 0.000 -0.013 0.001 0.004 -0.022 0.007 0.013
right frontalpole -0.047 0.017 0.028 -0.001 0.780 0.791 -0.019 0.015 0.024
right temporalpole -0.089 0.000 0.000 -0.012 0.002 0.006 -0.023 0.004 0.009
right transversetemporal -0.063 0.001 0.004 -0.012 0.002 0.006 -0.029 0.000 0.002
right insula -0.061 0.002 0.006 -0.010 0.011 0.025 -0.026 0.001 0.003
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TABLE S5b: Relationships between cortical surface area with clinical variables in PD

Region HY disease stage Time since diagnosis Global cognition
ρ P value PFDR β P value PFDR β P value PFDR

left bankssts -0.015 0.436 0.502 -0.007 0.060 0.203 -0.019 0.021 0.118
left caudalanteriorcingulate -0.012 0.531 0.592 -0.003 0.358 0.603 -0.017 0.027 0.129
left caudalmiddlefrontal -0.024 0.225 0.313 -0.006 0.127 0.287 -0.012 0.128 0.348
left cuneus -0.048 0.015 0.051 -0.006 0.121 0.287 0.004 0.558 0.808
left entorhinal -0.007 0.722 0.737 -0.004 0.348 0.603 -0.001 0.883 0.938
left fusiform -0.057 0.004 0.025 -0.002 0.536 0.743 -0.003 0.745 0.872
left inferiorparietal -0.041 0.038 0.088 -0.006 0.150 0.329 -0.017 0.036 0.144
left inferiortemporal -0.063 0.002 0.015 -0.009 0.026 0.121 -0.002 0.833 0.914
left isthmuscingulate -0.014 0.464 0.526 -0.001 0.854 0.908 -0.017 0.042 0.151
left lateraloccipital -0.077 0.000 0.002 -0.008 0.027 0.121 -0.006 0.456 0.756
left lateralorbitofrontal -0.045 0.022 0.065 -0.011 0.004 0.054 -0.009 0.269 0.539
left lingual -0.080 0.000 0.002 -0.010 0.007 0.065 -0.005 0.494 0.800
left medialorbitofrontal -0.062 0.002 0.015 -0.016 0.000 0.002 -0.018 0.024 0.127
left middletemporal -0.025 0.200 0.296 -0.008 0.025 0.121 -0.007 0.334 0.613
left parahippocampal -0.016 0.406 0.476 -0.005 0.209 0.442 -0.016 0.042 0.151
left paracentral -0.021 0.283 0.362 -0.002 0.534 0.743 -0.004 0.628 0.821
left parsopercularis -0.026 0.181 0.280 0.003 0.372 0.603 -0.019 0.014 0.103
left parsorbitalis -0.049 0.014 0.049 -0.006 0.121 0.287 -0.019 0.019 0.118
left parstriangularis -0.028 0.152 0.247 0.000 0.923 0.940 -0.017 0.030 0.137
left pericalcarine -0.042 0.032 0.088 -0.008 0.029 0.121 0.004 0.611 0.821
left postcentral -0.050 0.011 0.047 -0.001 0.805 0.899 -0.005 0.549 0.808
left posteriorcingulate -0.037 0.063 0.129 -0.005 0.252 0.484 -0.026 0.001 0.024
left precentral -0.024 0.225 0.313 0.000 0.927 0.940 -0.013 0.095 0.281
left precuneus -0.049 0.013 0.049 -0.003 0.444 0.643 -0.020 0.008 0.078
left rostralanteriorcingulate 0.000 0.993 0.993 -0.003 0.372 0.603 -0.010 0.233 0.511
left rostralmiddlefrontal -0.065 0.001 0.012 -0.014 0.000 0.011 0.004 0.592 0.821
left superiorfrontal -0.043 0.030 0.086 -0.007 0.081 0.252 0.000 0.997 0.997
left superiorparietal -0.056 0.005 0.026 -0.003 0.392 0.616 -0.024 0.001 0.023
left superiortemporal -0.042 0.034 0.088 -0.003 0.404 0.616 -0.002 0.756 0.872
left supramarginal -0.047 0.019 0.057 -0.006 0.127 0.287 -0.020 0.012 0.103
left frontalpole -0.026 0.196 0.296 0.000 0.905 0.940 -0.003 0.718 0.872
left temporalpole -0.030 0.128 0.217 -0.001 0.807 0.899 -0.005 0.546 0.808
left transversetemporal -0.011 0.573 0.628 0.002 0.569 0.773 -0.016 0.055 0.186
left insula -0.010 0.623 0.672 0.004 0.322 0.591 0.002 0.825 0.914
right bankssts -0.022 0.259 0.341 -0.005 0.237 0.475 -0.012 0.136 0.355
right caudalanteriorcingulate -0.033 0.098 0.184 -0.009 0.018 0.114 -0.022 0.005 0.062
right caudalmiddlefrontal -0.018 0.359 0.428 -0.002 0.597 0.781 -0.001 0.890 0.938
right cuneus -0.057 0.004 0.025 -0.007 0.069 0.222 -0.001 0.924 0.938
right entorhinal 0.007 0.710 0.737 0.004 0.256 0.484 -0.004 0.617 0.821
right fusiform -0.065 0.001 0.012 -0.008 0.058 0.203 -0.005 0.543 0.808
right inferiorparietal -0.050 0.012 0.048 -0.006 0.095 0.270 -0.036 0.000 0.000
right inferiortemporal -0.048 0.016 0.051 -0.003 0.437 0.643 -0.006 0.431 0.733
right isthmuscingulate -0.008 0.698 0.737 0.001 0.770 0.899 -0.004 0.643 0.825
right lateraloccipital -0.050 0.011 0.047 0.000 0.966 0.966 -0.009 0.243 0.517
right lateralorbitofrontal -0.076 0.000 0.002 -0.009 0.012 0.089 -0.009 0.219 0.497
right lingual -0.059 0.003 0.021 -0.006 0.086 0.254 -0.004 0.617 0.821
right medialorbitofrontal -0.032 0.111 0.198 -0.009 0.018 0.114 -0.003 0.748 0.872
right middletemporal -0.080 0.000 0.002 -0.012 0.003 0.049 -0.009 0.252 0.519
right parahippocampal -0.021 0.288 0.362 -0.007 0.109 0.286 -0.016 0.069 0.223
right paracentral -0.019 0.341 0.414 -0.001 0.736 0.894 0.007 0.391 0.695
right parsopercularis -0.038 0.055 0.117 0.003 0.371 0.603 -0.008 0.320 0.613
right parsorbitalis -0.053 0.007 0.039 -0.009 0.021 0.117 -0.017 0.033 0.140
right parstriangularis -0.024 0.226 0.313 -0.001 0.800 0.899 -0.013 0.121 0.344
right pericalcarine -0.051 0.010 0.046 -0.010 0.005 0.057 0.002 0.829 0.914
right postcentral -0.021 0.294 0.363 0.001 0.821 0.900 -0.007 0.399 0.695
right posteriorcingulate -0.031 0.123 0.215 -0.006 0.107 0.286 -0.014 0.073 0.225
right precentral -0.029 0.137 0.228 -0.001 0.762 0.899 -0.022 0.005 0.062
right precuneus -0.036 0.068 0.137 -0.005 0.215 0.442 -0.019 0.020 0.118
right rostralanteriorcingulate -0.032 0.110 0.198 -0.007 0.050 0.201 -0.011 0.178 0.417
right rostralmiddlefrontal -0.041 0.037 0.088 -0.011 0.003 0.049 0.001 0.913 0.938
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right superiorfrontal -0.041 0.039 0.088 -0.008 0.054 0.203 -0.011 0.174 0.417
right superiorparietal -0.041 0.037 0.088 -0.001 0.697 0.878 -0.026 0.001 0.023
right superiortemporal -0.041 0.041 0.089 -0.010 0.011 0.089 -0.001 0.908 0.938
right supramarginal -0.028 0.156 0.247 -0.002 0.581 0.775 -0.003 0.663 0.835
right frontalpole -0.007 0.726 0.737 0.002 0.626 0.803 -0.007 0.332 0.613
right temporalpole 0.022 0.261 0.341 0.003 0.408 0.616 0.005 0.548 0.808
right transversetemporal -0.035 0.079 0.154 -0.001 0.717 0.887 -0.011 0.162 0.408
right insula -0.024 0.230 0.313 -0.001 0.850 0.908 0.003 0.730 0.872

TABLE S5c: Relationships between subcortical volume with clinical variables in PD

Region HY disease stage Time since diagnosis Global cognition
ρ P value PFDR β P value PFDR β P value PFDR

left lateral ventricle 0.088 0.000 0.000 0.004 0.361 0.413 0.039 0.000 0.000
left thalamus -0.063 0.002 0.003 -0.012 0.002 0.005 -0.007 0.352 0.375
left caudate -0.061 0.002 0.003 -0.019 0.000 0.000 -0.013 0.108 0.133
left putamen -0.071 0.000 0.001 -0.011 0.005 0.009 -0.036 0.000 0.000
left pallidum -0.028 0.152 0.152 0.000 0.982 0.982 -0.018 0.039 0.057
left hippocampus -0.102 0.000 0.000 -0.015 0.000 0.000 -0.029 0.000 0.001
left amygdala -0.092 0.000 0.000 -0.023 0.000 0.000 -0.041 0.000 0.000
left accumbens -0.061 0.002 0.003 -0.010 0.010 0.014 -0.028 0.001 0.001
right lateral ventricle 0.080 0.000 0.000 0.005 0.257 0.317 0.038 0.000 0.000
right thalamus -0.047 0.018 0.021 -0.012 0.003 0.005 -0.007 0.412 0.412
right caudate -0.059 0.003 0.003 -0.016 0.000 0.000 -0.015 0.067 0.089
right putamen -0.061 0.002 0.003 -0.008 0.052 0.070 -0.023 0.005 0.007
right pallidum -0.032 0.111 0.119 -0.002 0.580 0.619 -0.010 0.220 0.251
right hippocampus -0.095 0.000 0.000 -0.016 0.000 0.000 -0.042 0.000 0.000
right amygdala -0.082 0.000 0.000 -0.021 0.000 0.000 -0.036 0.000 0.000
right accumbens -0.083 0.000 0.000 -0.011 0.005 0.009 -0.026 0.001 0.003

TABLE S6a: Group-average node-neighbourhood correlations

Weighting Network model Correlation (ρ) P value Pspin/perm

structural connectivity cortico-cortical 0.545 0.000 0.001
subcortico-cortical 0.187 0.523 0.495

functional connectivity cortico-cortical 0.366 0.002 0.071
subcortico-cortical 0.020 0.946 0.921
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TABLE S6b: Disease stage node-neighbourhood correlations

Weighting Network model HY stage Correlation (ρ) P value Pspin/perm

structural connectivity cortico-cortical 1 0.479 <0.001 0.004
2 0.518 <0.001 0.003
3 0.564 <0.001 0.001

4/5 0.381 0.001 0.025
subcortico-cortical 1 -0.204 0.483 0.478

2 0.015 0.958 0.918
3 0.209 0.474 0.449

4/5 0.349 0.221 0.238
functional connectivity cortico-cortical 1 0.516 <0.001 0.006

2 0.327 0.007 0.104
3 0.387 0.001 0.056

4/5 0.228 0.061 0.258
subcortico-cortical 1 -0.385 0.175 0.165

2 -0.077 0.794 0.806
3 0.130 0.659 0.679

4/5 0.112 0.703 0.671

TABLE S7a: Neurotransmitter system annotation enrichment of cortical thickness

Neurotransmitter system Receptor/transporter Correlation (ρ) Pspin PFDR

serotonin 5HT1a -0.178 0.504 0.605
5HT1b 0.493 0.002 0.018
5HT2a -0.095 0.619 0.619
5HT4 -0.340 0.069 0.177
5HT6 0.197 0.099 0.191
5HTT 0.289 0.066 0.177

acetylcholine A4B2 0.503 0.004 0.024
M1 0.190 0.328 0.470
VAChT 0.119 0.369 0.474

cannabinoid CB1 -0.237 0.340 0.470
dopamine D1 0.095 0.601 0.619

D2 0.263 0.098 0.191
DAT 0.537 0.001 0.018

GABA GABAa 0.073 0.612 0.619
histamine H3 0.187 0.147 0.240
glutamate mGluR5 0.298 0.106 0.191
opioid MOR 0.367 0.026 0.094
norepinephrine NET 0.322 0.007 0.031
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TABLE S7b: Neurotransmitter system annotation enrichment of cortical surface area

Neurotransmitter system Receptor/transporter Correlation (ρ) Pspin PFDR

serotonin 5HT1a 0.195 0.316 0.517
5HT1b -0.074 0.750 0.831
5HT2a -0.287 0.082 0.184
5HT4 -0.082 0.501 0.694
5HT6 0.006 0.831 0.831
5HTT 0.304 0.078 0.184

acetylcholine A4B2 0.358 0.012 0.054
M1 0.044 0.750 0.831
VAChT 0.174 0.437 0.655

cannabinoid CB1 0.099 0.823 0.831
dopamine D1 0.397 0.028 0.101

D2 -0.005 0.801 0.831
DAT 0.343 0.012 0.054

GABA GABAa -0.325 0.010 0.054
histamine H3 0.258 0.126 0.252
glutamate mGluR5 0.181 0.205 0.369
opioid MOR 0.329 0.036 0.108
norepinephrine NET 0.595 0.001 0.018

TABLE S7c: Neurotransmitter system annotation enrichment of subcortical volume

Neurotransmitter system Receptor/transporter Correlation (ρ) Pperm PFDR

serotonin 5HT1a -0.662 0.009 0.081
5HT1b -0.055 0.847 0.953
5HT2a -0.569 0.040 0.126
5HT4 -0.244 0.442 0.759
5HT6 -0.262 0.361 0.721
5HTT 0.130 0.656 0.844

acetylcholine A4B2 0.552 0.042 0.126
M1 -0.464 0.099 0.241
VAChT -0.169 0.552 0.770

cannabinoid CB1 -0.002 0.991 0.991
dopamine D1 0.073 0.798 0.953

D2 -0.688 0.009 0.081
DAT -0.165 0.556 0.770

GABA GABAa -0.627 0.016 0.096
histamine H3 -0.596 0.023 0.103
glutamate mGluR5 0.209 0.464 0.759
opioid MOR 0.451 0.107 0.241
norepinephrine NET 0.011 0.946 0.991
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TABLE S8a: Summary of gene set enrichment analysis of biological processes for PLS1

Gene Set Description Size
Leading
Edge
Number

ES NES P value PFDR

GO:0099003 vesicle-mediated transport in synapse 205 96 -0.456 -2.305 <0.001 <0.001
GO:0035249 synaptic transmission, glutamatergic 97 36 -0.431 -1.921 <0.001 0.045
GO:0048499 synaptic vesicle membrane organization 27 10 -0.548 -1.921 <0.001 0.031
GO:0051648 vesicle localization 203 73 -0.374 -1.874 <0.001 0.044
GO:0006813 potassium ion transport 191 69 -0.352 -1.744 <0.001 0.142
GO:0034728 nucleosome organization 61 22 -0.421 -1.730 0.004 0.137
GO:0016358 dendrite development 217 64 -0.337 -1.703 <0.001 0.147
GO:0099177 regulation of trans-synaptic signaling 425 125 -0.305 -1.673 <0.001 0.135
GO:0050803 regulation of synapse structure or activity 225 66 -0.330 -1.668 <0.001 0.128
GO:0048013 ephrin receptor signaling pathway 46 17 -0.428 -1.654 0.010 0.134
GO:1990868 response to chemokine 56 27 0.481 1.975 <0.001 0.007
GO:0045785 positive regulation of cell adhesion 361 131 0.371 2.003 <0.001 0.006
GO:0007229 integrin-mediated signaling pathway 91 39 0.445 2.005 <0.001 0.007
GO:0050886 endocrine process 59 33 0.480 2.016 <0.001 0.006
GO:0002347 response to tumor cell 34 19 0.549 2.034 <0.001 0.004
GO:0060840 artery development 85 31 0.466 2.092 <0.001 0.002
GO:0060976 coronary vasculature development 40 16 0.550 2.095 <0.001 0.003
GO:0019882 antigen processing and presentation 92 45 0.493 2.232 <0.001 <0.001
GO:0002181 cytoplasmic translation 148 90 0.469 2.262 <0.001 <0.001
GO:0002396 MHC protein complex assembly 18 13 0.733 2.280 <0.001 <0.001

ES = Enrichment score; NES = Normalized enrichment score.

TABLE S8b: Summary of gene set enrichment analysis of cellular components for PLS1

Gene Set Description Size
Leading
Edge
Number

ES NES P value PFDR

GO:0060076 excitatory synapse 62 21 -0.510 -2.068 <0.001 0.009
GO:0098978 glutamatergic synapse 390 136 -0.359 -1.952 <0.001 0.012
GO:0044298 cell body membrane 29 15 -0.535 -1.879 0.004 0.019
GO:0097060 synaptic membrane 354 145 -0.350 -1.877 <0.001 0.014
GO:0030427 site of polarized growth 153 48 -0.375 -1.849 <0.001 0.016
GO:0043198 dendritic shaft 40 16 -0.498 -1.849 <0.001 0.013
GO:0044304 main axon 60 20 -0.441 -1.826 <0.001 0.013
GO:0098984 neuron to neuron synapse 339 104 -0.333 -1.788 <0.001 0.019
GO:0044309 neuron spine 165 55 -0.365 -1.786 <0.001 0.018
GO:0099572 postsynaptic specialization 320 135 -0.334 -1.778 <0.001 0.018
GO:0005775 vacuolar lumen 139 63 0.321 1.554 0.002 0.096
GO:0101031 protein folding chaperone complex 40 21 0.431 1.607 0.019 0.077
GO:0005796 Golgi lumen 65 34 0.408 1.718 0.002 0.031
GO:0072562 blood microparticle 71 36 0.415 1.779 <0.001 0.021
GO:0005840 ribosome 230 116 0.386 1.982 <0.001 0.001
GO:0098636 protein complex involved in cell adhesion 39 19 0.531 2.019 <0.001 0.001
GO:0009897 external side of plasma membrane 237 98 0.393 2.042 <0.001 0.001
GO:0062023 collagen-containing extracellular matrix 298 129 0.392 2.073 <0.001 0.001
GO:0098576 lumenal side of membrane 34 17 0.656 2.379 <0.001 <0.001
GO:0042611 MHC protein complex 21 17 0.818 2.608 <0.001 <0.001

ES = Enrichment score; NES = Normalized enrichment score.
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