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Epigenetic insights into neuropsychiatric
and cognitive symptoms in Parkinson’s
disease: A DNA co-methylation network
analysis
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Parkinson’sdisease is a highly heterogeneousdisorder, encompassing acomplex spectrumof clinical
presentation including motor, sleep, cognitive and neuropsychiatric symptoms. We aimed to
investigate genome-wide DNA methylation networks in post-mortem Parkinson’s disease brain
samples and test for region-specific association with common neuropsychiatric and cognitive
symptoms.Of traits tested,we identify a co-methylationmodule in the substantia nigrawith significant
correlation to depressive symptoms. Notably, expression of the genes annotated to the methylation
loci present within this module are found to be significantly enriched in neuronal subtypes within the
substantia nigra. These findings highlight the potential involvement of neuronal-specific changes
within the substantia nigra with regards to depressive symptoms in Parkinson’s disease.

Parkinson’s disease (PD) is the second most common neurodegenerative
disease and is the fastest growing in prevalence of all neurological disorders,
estimated to affect 6.1 million individuals worldwide based on a 2016
census1. Clinically, PD is defined by its cardinal motor symptoms (resting
tremor, bradykinesia, rigidity and postural instability)2, but highly prevalent
features of the disease encompass a range of cognitive and neuropsychiatric
symptoms3. Common symptoms, reported in a high proportion of patients,
include depression4, anxiety5, psychosis (most prominently hallucinations
and delusions)6, apathy7, cognitive impairment and dementia8. The
cumulative effect of these secondary symptoms greatly increases disease
burden for patients and complicates treatment8,9. As examples, psychosis is
an associated factor to increased nursing home placement10, mortality and
caregiver burden in PD11. Dopaminergic therapies, highly prescribed for
motor symptom treatment, reportedly increase individual risk for the
emergence of psychosis symptoms12. The development of these secondary
symptoms is not always timed after the diagnosis of the primary motor
disorder, for example, depression is a commonmanifestation in premorbid
PD and has been associated as a risk factor for motor symptom
development13–15. Furthermore, the therapies that exist for these non-motor

symptomsare currentlyminimally effective, despite the considerabledisease
burden they represent.

Although the occurrence of neuropsychiatric and cognitive symptoms
in PD is much more common than in age-matched populations8,9, indivi-
dual to individual level susceptibility to these secondary features is highly
variable16,17. Genetic liability has been implicated, for example a recent
genome-wide association study (GWAS) of cognitive progression in PD
highlighted the contribution of risk genes such as GBA with worsening
cognitive decline over time18 and meta-analyses of the gene have shown an
association to the emergence of psychosis and depression symptoms19.
However, given the high levels of heterogeneity within the condition, PD
secondary symptoms likely share a complex underlying etiology, owing to
additional factors aside from genetics. One potential contributing factor is
epigenetic changes, which play an intermediary role between genetic and
environmental risk, and regulate gene expression20. DNA methylation,
which refers to the reversible additionofmethyl groups to cytosines typically
in a CpG dinucleotide, is the most studied epigenetic mechanism in neu-
rological disorders21. Indeed, several studies have shown robust alterations
in DNA methylation in a number of genes in different neurodegenerative
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diseases, in both the brain and blood, including Alzheimer’s disease
(AD)22–24, PD25–27, and Dementia with Lewy bodies (DLB)28. Interestingly,
associations have also been reported for secondary symptoms of these
neurodegenerative disease, for example with psychosis symptoms in AD29,30

or cognition in PD26. However the analysis of DNAmethylation signatures
in relation to PD secondary symptoms is understudied and has pre-
dominantly been undertaken in peripheral tissues such as blood26.

In the current study we investigated the relationship between DNA
methylation patterns and the occurrence of key secondary symptoms in PD
(dementia, hallucinations, depression, anxiety, aggression, sleep disorder),
using weighted gene correlation network analysis (WGCNA) in multiple
disease-relevant brain regions. Subsequently, gene ontology and cell type
enrichment analysiswereperformedon the genes comprising the significant
modules to identify dysfunctional pathways and the cell types likely driving
this. We highlight a core finding of a co-methylation module specific to the
substantia nigra, significantly correlated to depressive symptom presenta-
tion. Assessing the expression of genes annotated to this module found
enriched expression in specific neuronal sub-populations within the sub-
stantia nigra, indicative of neuronal changeswithin this region thatmayplay
a role in the development of depressive symptoms within PD. Utilizing
genotyping and longitudinal clinical data from the Parkinson’s Progression
Marker’s Initiative (PPMI) we find that refined polygenic risk scores (PRS)
from loci annotated the depression epigenetic signature show evidence of
association with depression risk within PD.

Results
A cohort to assess DNA methylation signatures of PD neu-
ropsychiatric and cognitive symptoms
Our study comprised a cohort of 97 idiopathic Parkinson’s Disease (PD)
patients with post-mortem DNA methylomic profiling conducted on the
Illumina Infinium 450 K array (Fig. 1A). Three brain regions were assessed:
the substantia nigra (SN, n = 88), caudate nucleus (CN, n = 82) and pre-
frontal cortex (FC,n = 88),with themajority of caseshavingall brain regions
represented in this dataset (Fig. 1A, C). PDpatients had amean age of 78.25
years at death (SD = 6.17) with the average patient having had PD symp-
toms for over ten years (mean = 12.63, SD = 8.28). Pathologically, these
patients predominantly showed late stage PD-associated Lewy body (LB)

pathology12 (LB Braak stage mean = 5.54, SD = 0.81) with relatively mild
AD-associated neurofibrillary tangle (NFT) pathology31,32 (NFTBraak stage
mean = 1.91, SD = 0.72) (Fig. 1B).

The primary hypothesis of this study posits that the prevailing neu-
ropsychiatric and cognitive manifestations observed in PD exhibit a dis-
tinctive epigenetic profile in the brain, distinguishing individuals presenting
with these symptoms from those who do not. To test this hypothesis, we
annotated binary symptom prevalence from antemortem clinical records
for six phenotypes: dementia, hallucinations, depression, anxiety, aggres-
sion, and sleep disorder (Methods, Fig. 1C). The majority of these sub-
symptoms showed overlap in their presentation and demographic differ-
ences (Supplementary Fig. 1, Supplementary Table 1) as could be expected
with cumulative disease burden8

. To identify DNA methylation signatures
associated with the phenotypes of interest, we investigated co-methylation
changes by implementing WGCNA. This was also useful as a strategy to
reduce the number of features and increase statistical power, given our
modest sample size for conducting epigenome-wide association studies
(EWAS), particularly when examining binary variables related to pheno-
types of interest.

DNA co-methylation networks show brain region specific cor-
relation to depressive and aggression symptoms
To identify co-methylatedmodules within each brain region, we followed a
standardized WGCNA protocol (Methods), and tested their association
with sub-trait presentation, after regressing out key covariates (age, sex,
technical batch, proportions of neurons, post-mortem interval (PMI)). The
number of detected modules differed across each brain region, with 27
modules identified in the SN (Supplementary Fig. 2), eight in the FC
(Supplementary Fig. 3) and 18 in the CN (Supplementary Fig. 4). The
correlation of these modules to trait presentation also differed across brain
regions. Stronger module-trait correlations were observed in the SN and
CN, with twomodules passing the Bonferroni significance threshold for the
number of tests within each trait association (Fig. 2, SN: P < 0.0019, CN:
P < 0.0028), with no significant correlations in the FC (Fig. 2). The sig-
nificant SN module correlated with depressive symptoms in PD (Spear-
man’s Coefficient = 0.33, P = 0.0016) and was comprised of 1375 distinct
methylated loci, while the significant CN module that was significantly

Fig. 1 |Overview of study design and samples used.A Sample information and data
analysis flowchart as detailed in Methods. Brain sagittal view showing Braak Lewy
body staging representation32. Data used in the creation ofUMAP plot fromKamath
et al.34 B Demographic summaries of PD patients profiled with histograms or bar-
charts representing overall numbers for each variable. Length of disease corresponds

to time interval between recorded age of PD diagnosis and age at death. C Summary
table of sub-symptoms tested in primary WGCNA association analysis. Symptoms
were annotated for binary status in the ante-mortem clinical records. Symptom
prevalence per each brain region tested is shown and is annotated as Absent/Present.
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correlated to aggression presentation (Spearman’s Coefficient = 0.35,
P = 0.0015) was comprised of 475 distinct methylated loci.

When assessingmodulemembership of these two significantmodules,
aweakbut significant correlationwasobservedbetweenP-value significance
of depressive symptomassociation andmodulemembership formethylated
loci within the SN depression associated module (Pearson’s Coefficient =
0.12, p-value = 1.24 × 10−5, Supplementary Fig. 4A). By contrast the CN
aggression associated module does not show any indication of correlation
between module membership and probe significance from the aggression
symptom association (Pearson’s Coefficient = 0.07, p-value = 0.13, Sup-
plementary Fig. 4B).

Although no furthermodules passed our threshold formultiple testing
correction, several other modules in these regions did show nominal sig-
nificance in their correlation with trait presentation (Fig. 2, Supplementary
Fig. 2, Supplementary Fig. 4). Of particular note, a set of fourmodules in the
CN all showed correlation with anxiety symptoms. However, we have
focused our downstream analyses on the Bonferroni-significant module
identified in the SN(with respect todepression) and theCN(associatedwith
aggression), henceforth referred to as the DepressionSN module and the
AggressionCNmodule, respectively.

To test whether the association of the DepressionSN module was
affected by onset of depression before motor symptoms we subset the
depression group based on annotation of depressive symptoms before PD
diagnosis (Premorbid depression, n = 9) versus those without annotation
preceding PD diagnosis (Depression, n = 23) and compared both groups to
the group without depression annotation (No Depression, n = 54). Both
premorbid depression and depression groups showed increased eigengene
values compared to the non-depressed group (Supplementary Fig. 6A). A
pairwise comparison of the three groups with a Wilcoxon rank sum test,
with Benjamini-Hochberg (BH) correction found a significant difference

between the non-depressed and depressed group (q-value = 0.02), while no
significant difference was observed between any of the other groupwise
comparisons with the premorbid or non-depressed group. To test if the
DepressionSN association is attributable to variation in disease stage, we
further explored the effect of regressing out Braak Lewy body stage, Braak
neurofibrillary tangle stage and years of disease from the eigengene. We
found this to have no significant effect on the depression associationwe had
observed, with comparable directions of effect and Wilcoxon rank sum p-
values in binary depression groupwise comparisons (Supplementary
Fig. 6B).

Genes annotated to the depression-associated DNA co-
methylation module show significantly enriched expression in
neuronal subtypes of the substantia nigra
Next, to gain insight into potential underlyingmolecular functions captured
by these trait-associated modules, we performed Gene Ontology (GO)
analysis in themissMethyl package, amethodwhich tests for enrichment for
gene symbols annotated to each methylated loci while correcting for cov-
erage bias of the 450 K array33. Neither module tested showed FDR sig-
nificant enrichment for any gene ontology terms (Supplementary Fig. 8,
Supplementary Table 2). We noted a nominal enrichment (uncorrected P-
value < 0.01) in the SN depression module for a number terms relevant to
neuronal processes (e.g, maintenance of synapse structure and presynaptic
active zone) andnext sought to elucidate the cell-specific expressionof genes
annotated to the DNA methylation loci in the DepressionSN module. For
this we used a reference set of human single nucleus RNAseq data34 gen-
erated in the SN and using Expression Weighted Cell Enrichment analysis
(EWCE) to test for enrichment. Of the 617 genes overlapping between the
DepressionSN module methylation dataset and the reference snRNAseq
data,we observed significant enrichment of expression inneurons only (Fig.
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Fig. 2 | Co-methylation network association to sub symptom occurrence in PD.
Points represent individual module eigengenes for the substantia nigra (n = 27),
frontal cortex (n = 8) and caudate nucleus (n = 18), repeatedly tested using corre-
lation analysis in association with traits displayed along the y axis. Points are colored
by the trait they are being tested for association with and sized by the absolute
correlation coefficient value of the association. For clinical binary traits Spearman’s

correlation was used, while for years of disease Pearson’s correlation was used. The
-log10(p-value) of the association tests is displayed along theX-axis. The gray dashed
line represents P-value = 0.05, while the Black dashed line represents the Bonferroni
correction threshold for each brain region, controlling for the number of tests within
each trait association, equivalent to 0.05 divided by the number of module eigen-
genes per region (SN: P < 0.0019, CN: P < 0.0028, FC P < 0.006).
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3A, SupplementaryTable 6).Of a total of 68 defined cell subtypes annotated
in the original study by Kamath and colleagues, 15 showed a significant
expression enrichment for DepressionSN annotated genes (BH corrected q
value < 0.05), corresponding to seven excitatory neuronal populations, four
inhibitory neuronal populations and four dopaminergic neuronal popula-
tions.Of these populations, the twowith the highest standard deviation shift
from the mean expression were both excitatory: POSTN and OPRD1 (7.44
and 6.35 standard deviations from the mean, respectively).

A potential source of bias influencing this enrichment signal is the
nature of the reference dataset used to define cell-type specific gene
expression enrichment. Indeed, Kamath et al. had performed fluorescence
activated nuclei sorting to enrich for dopaminergic neuron populations,
which could bias our findings towards observing neuronal enrichment. To
test that the neuronal enrichment we had observed in this analysis was not
driven by reference data bias, we went on to perform the same EWCE
analysis in two additional SN snRNAseq datasets that had not enriched for
specific cell types prior to sequencing. In both of these datasets, we found
that genes annotated to the depressionSN module were significantly enri-
ched for expression within neuron subpopulations (Supplementary Tables
7-8). Specifically, these corresponded toGABAergic neurons in theAgarwal
et al. dataset (Supplementary Table 7) and CADPS2 positive neurons in the
Smajic et al.,dataset (Supplementary Table 8). Although these three datasets
do not provide a consensus on the exact neuronal subtype implicated in our
DepressionSNmodule, they do provide evidence that the network of genes
presentwithin theDepressionSNmodulehas functional relevance indisease
as it is likely driven by SN neuronal cell types.

Because of the broad neuronal signature identified in the initial ana-
lysis, we next sought to refine the analysis by conditional testing of cell-type
enrichment, controlling for other significantly enriched populations and
testing which subtypes preserve significance. This was solely conducted in
the Kamath dataset, as it had the highest representation of neuronal sub-
types. As expected, controlling for each of the 15 significant neuronal
subtypes showed a general reduction of significance in the others, with
POSTN and OPRD1 excitatory neurons being the only populations
retaining significance in 13/15 analyses conducted (Fig. 3B). Notably, all
dopaminergic neuron populations did not retain significance in any of the
conditional analyses, except for CALB1_GEM which showed retained sig-
nificance in 6/15 conditional analyses. From these, we can conclude that
there is strongest evidence for involvement of POSTN and OPRD1 exci-
tatoryneurons, independent of theother significant cell types detected in the
initial enrichment analysis.

Refinement of depression polygenic risk using loci from the
DepressionSNmodule shows evidence of predicting depression
development risk in PD
A growing body of research has shown that refinement of polygenic risk
scores (PRSs) based on prioritized genomic regions can explain additional
disease heterogeneity and, in some cases, improve phenotypic association35.
We next tested whether the regions of the genome prioritized by the
methylated signal in theDepressionSNmodule refinedheritable genetic risk
scores for a recent GWAS of depression36, in association to depressive state
in PD using data available from the Parkinson’s Progression Markers
Initiative (PPMI).

PRSs for all available variants (base) as well as PRSs refined to variants
within one megabase of prioritized methylated loci in the DepressionSN
module (refined) were tested at multiple p-value thresholds using PRSet
(Fig. 4A, Supplementary Table 9). A pattern was observed where higher p-
value threshold (P = 0.05 – 1) PRSs showed greater significance in the
refined subset compared to the base. This supported evidence that the
refined subset improved the base PRS scores at less significantly associated
GWAS variants, while at lower p-value thresholds, the base scores generally
performed better than the refined, albeit non-significantly in most cases.
When correcting for all p-value thresholds tested, only the refined PRS for
depression at a p-value threshold of 0.05 surpassed FDR correction for
depression association (R2 value = 0.024, p-value = 0.0014).

To further test both the predictive value of these PRS valueswith risk of
depression development specifically within PD, we employed a cox-
proportional hazards model specifically within the PD subset of PPMI,
controlling for severity of parkinsonian motor symptoms (MDS-Unified
PDRating Scale, Part-III), age and sex for each individual.Weobserved that
both the base (Hazard Ratio = 1.21, Standard Error = 0.06, p-value =
0.0016) and refined (Hazard Ratio = 1.20, Standard Error = 0.06, p-
value = 0,0027) PRS scores showed very similar hazard ratios and sig-
nificance of prediction of conversion to depression within PD. However,
when stratifying individual samples into the extremes of their polygenic risk
using the base and refined PRS, we observed a greater separation for those
samples at the extreme end of risk (95–100% percentile) in the refined PRS
(Hazard Ratio = 7.4, Standard Error = 0.53, p-value = 1.67 × 10−4, Fig. 4B)
compared to the base PRS (Hazard Ratio = 3.51, Standard Error = 0.47, p-
value = 0.0077, Fig. 4C).

Discussion
In this report we have investigated multiple common secondary symptom
traits in PD across three disease-relevant brain regions and explored the
contribution of DNAmethylation (summarized into inter-correlated DNA
methylation networks) with trait presentation. We report region-specific
associations between DNA methylation networks and trait presentation,
specifically in association with depression in the SN and aggression in the
CN. Subsequent downstream analyses indicated that genes related to the
depression-associated SN co-methylation network (DepressionSNmodule)
show significant overrepresentation of genes that are expressed in neuronal
cells in the SN, inferred from separate snRNAseq datasets. We finally
provide evidence that the genomic regions prioritized by this co-
methylation network refine associations of depression PRS within the
context of PD.

Depression in PD has a prevalence of roughly 40–46%37 and is a
common premorbid symptom, being a risk factor for both PD
development13 and worse symptom progression over time38. The patho-
physiology underlying depressive symptoms in PDhowever remains poorly
understood, with multiple potential threads of evidence for its etiology and
relation to PD pathological development. Our results relating to SN neu-
ronal changes lend support to midbrain theories of PD depression onset.
Previous studieshave shown thatdepressedPDpatients presentwith greater
neuronal loss39 and gliosis40 in the SN than non-depressed patients. Fur-
thermore, alpha-synuclein pathology in the SN has been reported to be
significantly higher in the SN of depressed cases versus non-depressed39.
This regional neurodegeneration and consequent disruption of neuro-
transmission may be a contributing factor to the epigenetic alterations we
observe inour results.However, the epigenetic network identifiedappears to
be most enriched for expression in non-dopaminergic excitatory neurons,
contradicting the evidence that this effect is purely a result of dopaminergic
neurodegeneration. Indeed, when we conducted a conditional analysis, the
strongest association remained in the excitatory neuronal subpopulations,
while the majority of inhibitory and dopaminergic neurons did not retain
significance. The sole exception for the dopaminergic neuron populations
was the CALB1_GEM subpopulation, which did retain significant enrich-
ments in certain conditional analyses. This is interesting in the context of the
original publication by Kamath et al. 34 which reports increased proportions
of this population in PD samples compared to controls. This may indicate
that resilient neuronal populations to primary pathology may in fact con-
tribute to the development of secondary symptoms within PD. Further
research is needed to fully elucidate the contribution of these SN neuronal
cell types in the context of PD depression.

A potential avenue for further research could be in animal models of
PD neurodegeneration, specifically in the context of PD depression. A
number of rodent studies utilizing neurotoxic compounds such as 1-
Methyl-4-Phenyl-1,2,3,6-Tetrahydropyridine (MPTP), which cause selec-
tive dopaminergic neuron degeneration, report depression-like behaviors,
evenmanifesting before the onset of motor impairments41. Importantly the
onset of this depression-like phenotype is variable42,43, potentially allowing

https://doi.org/10.1038/s41531-025-00877-5 Article

npj Parkinson’s Disease |           (2025) 11:39 4

www.nature.com/npjparkd


Fig. 3 | Testing substantia nigra cell type enrichment of genes prioritised by the
DNAmethylation network associated with depression. AExpressionWeightedCell
Enrichment analysis of DepressionSN module genes within the snRNAseq dataset from
Kamathetal.34. Sub-cell type annotations along theX-axis aregroupedby their broader cell
class. Benjamini-Hochberg (BH)-corrected significant enrichments (q < 0.05) are anno-
tatedwith asterisks. Standarddeviations fromthemeanvalue is displayed along theY-axis.
Standard deviation from the mean indicates the number of standard deviations from the

mean level of expression of genes in the DepressionSN module, relative to the boot-
strappedmean for that cell type.BConditional expression weighted cell type enrichment
analysis of the 15 neuronal subtypes identified. Heatmap displays the standard deviation
from themean for each of the tested cell types as fill, with stars indicating FDR significant
q-value < 0.05. The cell type controlled for in each analysis is shown along the x-axis and
the enrichment of the tested cell types is shown along the y-axis. Plots are subset by broad
neuronal classification (i.e. dopaminergic, inhibitory and excitatory neurons).
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for a controlled model for assessment of specific cell type contributions to
the variable onset of PDdepression, asmediated bymidbrain dopaminergic
degeneration.

We find evidence of a refinement of depression genetic risk in the
context of PD based on genomic regions prioritized by the Depres-
sionSN module. Compared to a base PRS, the epigenetic refined PRS
based on the DepressionSN module showed evidence of better asso-
ciation with lifetime depression occurrence for samples present within
the PPMI cohort. Although both the base and refined PRSs showed
evidence of significant prediction of longitudinal depression conversion
within PD, a clear separation at the highest risk strata of the refined PRS
was evident when compared to the base. This is to be expected, given the
complex nature of how depression may develop within PD. The
refinement of those at the highest genetic risk of depression using the
refined PRS may be explained as an etiology of depression that is
influenced directly by PD pathological change, while a number of cases
that develop depression due to a separate process or as a response to the
disease burden is being captured by the base PRS. One potential caveat to
our polygenic findings is that the criteria for variant inclusion around
our methylation signature does not assure direct genetic causality. We
included a one megabase window around each site, based on the stan-
dard threshold set for local “cis” methylation quantitative trait loci44.
Further work, looking at additional refined PRSs based on epigenetic
association and refined by evidence of quantitative trait loci relationship

may show efficacy in explained symptom and disease heterogeneity
within PD.

As is a common issue with DNA methylation studies, in particular in
bulk tissue, the causality of any changes detected is unclear, in particular in a
disease process where cell type proportion changes are implicit. Although
we have controlled for inferred cell type proportions, we cannot exclude the
fact that the perturbedDNAmethylationnetworkweobserve in the SNmay
be a downstream consequence of broad neurodegeneration in this brain
region. Furthermore, it is premature to conclude whether differential DNA
methylation of genes present within this particular network lead to altered
expression, an assumption relied-upon for the findings of the snRNAseq
enrichment analysis. Further work, in appropriate powered cohorts to look
at a depression trait within PD and testing gene expression changes in the
SN is required to validate this. This study represents a foundational inves-
tigation into the underlying epigenomic changes associated with multiple
symptom changes in PD and provides a basis for replication to confirm our
findings.

Acaveat toourfindings is in thenatureof thephenotypingdatapresent
and the clinical binary subsetting used in our trait annotations for discovery
analysis. Although care has been taken to annotate these records ante-
mortem,we are limited in our ability to resolve clinical traits and inaccuracy
may be present within this labeling criteria. In particular, we do not have
capacity to resolve timing of symptoms for certain individuals and are
limited to binary presentation over lifetime. This may have had a

Fig. 4 | Polygenic Risk Score analysis for depression shows evidence of phenotypic
association refinement of association with depression symptoms in PD. A Line
plot of p-value thresholding tests for PRS generation in the Base GWAS and refined
scores based on variants proximal to the loci annotated to theDepressionSNmodule.
R2 values calculated based on a linear model of binary depressive state presentation

over all available records. FDR correction applied to all 18 tests. B, C Kaplan Meier
curve analysis for conversion to depression over time for PD samples for Depres-
sionSN refined PRS (B) and Base GWAS (C). Both PRS methods calculated at a p-
value threshold of 0.05. Individual lines show strata of polygenic risk based on
percentile of PRS.
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detrimental impact on identifying significant findings for specific outcomes
tested in this study. However, we provide secondary validation evidence
given our use of genetic instruments to test for association of the prioritized
depression signature in PPMI, using the more robust Geriatric Depression
Scale as an outcome.

To conclude, we find evidence of regional epigenetic changes in rela-
tion to the development of secondary symptoms in PD, investigating
multiple common secondary symptom traits in PD across three relevant
brain regions and exploring the contribution of DNA methylation (sum-
marized into inter correlated networks) with trait presentation. We find
brain region-specific correlations between these networks and trait pre-
sentation, specifically in association with depression in the SN. Further-
more, we find that expression of genes within this network are specifically
enriched for expression within relevant neuronal subtypes, prioritizing
neuronal changes in the SN and cell types with potential contribution to the
onset of PD depression. Finally, we show that genetic variants localized
around the regions annotated to the depression epigenetic signature, as
summarized in PRS’s, show evidence of association to longitudinal
depression development in PD.

Methods
Parkinson’s Sample Summary
PD samples profiled in this study have been summarized previously45.
Tissue for 134 unique individuals was sourced from the Parkinson’sDisease
UKBrain Bank, covering the Substantia Nigra (SN), Caudate Nucleus (CN)
and Frontal Cortex (FC). Ethical approval for these samples was provided
under Research Ethics Committee (ID 14/WM/0129). All donors provided
informed consent for the use of their tissue in research. Samples were
excluded for having atypical parkinsonism noted on pathology reports, or
early onset of disease (age of onset < 40). For our analysis, case notes were
assessed for lifetime prevalence of secondary symptoms of depression,
anxiety, aggression, dementia, hallucinations and sleep disturbance. As an
example, for the annotation of hallucinations, evidence of the following
psychiatric sections of clinical notes were used to evidence presence in three
separate cases:
1. “deterioration, cognitive decline with visual hallucinations-animals”
2. “Hallucinations (visual, auditory, tactile?)
3. “Hallucinations; Confusion”

Whereas three examples with evidence of absence of hallucinations
had the following psychiatric sections of the clinical notes:
1. “Nightmares - vivid dreams; Anxiety; Poor memory (late); No

dementia, no hallucinations”
2. “Somnolence & lethargy; impaired memory; dementia”
3. “Poor concentration (losing train of thought)”

Where relevant, acute symptoms were not included (e.g. situational
short term depression). For sensitivity analysis of premorbid depression,
premorbid depression was evidenced either by explicit annotation in the
clinical notes (e.g. “Anxiety and depression prior to onset of motor symp-
toms”) or from temporal staging of dated symptomentries. Years of disease,
as defined by the number of years between diagnosis and death was also
annotated as a separate outcome.

DNAmethylation profiling
Genome wide DNA methylation was profiled using the Illumina 450 K
methylation array which interrogates ~450,000methylation sites across the
genome and has been described previously45. Data underwent stringent
quality control and normalization as previously described using functions
available in the wateRmelon46 R package (version 1.26). Samples with low
median methylated or unmethylated intensities (n = 0) and with low
bisulfite conversion percentages as determined using the bscon () function
(n = 2) were removed as part of quality control (QC). Using a principal
component (PC) basedmethod, samples were tested for overlap of reported
and predicted biological sex and removed if discordant (n = 2). Using single

nucleotide polymorphism (SNP) probes included on the array, samples
were checked for expected genetic relatedness for replicates across multiple
brain regions (n = 12 removed for discordant expected relatedness). Using
the pfilter() function samples were excluded if >1% of probes showed a
detection value > 0.05 (n = 0) and probes were excluded if showing >1% of
samples with detection value > 0.05 or beadcount <3 in 5% of samples
(n = 2411 probes). Samples were tested for outliers using the outlyx()
function and visually assessed using PC analysis. As a subtle separation of
data points on the PC analysis could be seen corresponding to the different
brain regions, we normalized each brain region separately. Quantile nor-
malization was conducted using the dasen() function with default settings.
Normalization violence was assessed using the qual() function to determine
samples with high degrees of difference between raw and normalized beta
values, with no outlying samples apparent.

Weighted Gene Correlation Network Analysis
Data processing and module detection. Due to the high number of
CpG sites tested on the Illumina 450 K array and the low groupwise
sample size available for this sample set, we aimed to reduce the multiple
testing burden for association usingWeightedGeneCorrelationNetwork
Analysis (WGCNA, version 1.69)47. WGCNA determines correlation
networks present within a given dataset to identify distinct clusters of
highly correlated data-points whichmay hold functional relevance based
on its significant pairwise relationship to other datapoints. Datasets were
first filtered for variable probes across each brain region separately as
determined by median absolute deviation (MAD) for any individual
probe > medianMAD for the entire dataset. To ensure consistent probes
were being fed into each analysis per brain region, all probes passing this
threshold in every brain region were included for further analysis,
resulting in a set of 243,783 probes. Following this, all brain regions were
processed separately. To reduce the effect of unwanted technical and
biological variance, multiple regression was used to regress out these
effects from the dataset. Each CpG site was regressed against age, sex,
technical batch, NeuN+ predicted cell proportion (estimated using the
estimateCellCounts() function in waterMelon46) and post mortem
interval (PMI). The residuals from this regression were extracted and
added to the intercept to give a methylation value controlling for the
applied covariates and scaled similarly to the raw value. Residual cor-
rected methylation values were then clustered by Euclidean distance and
the first four PCswere visually assessed to test for outlying samples. From
this analysis two samples were removed from the SN, one from the FC
and one from the CN. Co-methylation network and module detection
were determined in a block-wisemethod and set as unsigned, so toweight
correlation between probes irrespective of the direction of correlation. As
recommended in the WGCNA protocol, soft thresholding was applied,
which raises the power of each correlation to a particular value with the
aim to reduce noise within the dataset. A scale free topology graph was
constructed for powers ranging from 1-20 in stepwise increments and
assessed for balance between scale free topology and connectivity. From
this, a value of eight was selected for the SN, 12 for the FC and nine for the
CN. Finally, modules were identified using the blockwiseModules()
function (unsigned network, min size = 100, max size = 10000).

Module Trait Association Analysis. Identified modules ranged in size
and similarity and were labeled based on an arbitrary color value deter-
mined by theWGCNAprocess.Modules were additionally filtered at this
point to remove any remaining modules retaining any significant
(P < 0.05) confounding trait association. For association testing, CpGs
present within each module were aggregated into individual values
representative of a weighted average of methylation within that module.
These values, termed module eigengenes (MEs) are calculated using the
eigenvalues from the first PC for all methylation values in that modules
with one module eigengene value determined for each individual case in
the dataset per module. These module eigengenes were tested for asso-
ciation with phenotypic traits, using Pearson’s correlation for continuous
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traits and Spearman’s correlation for binary traits. For multiple testing
correction, Bonferroni correction was applied as 0.05 divided by the
number of modules present in that particular brain region.

Module membership analysis. For modules that showed a significant
association with any of the outcomes tested, individual relevant probes
were assessed based on module membership (MM) and probe sig-
nificance (PS). MM is calculated using Pearson’s correlation between an
individual probe and the ME of the module it is assigned and is thus
representative of that individual probe’s connectivity to the rest of the
module. PSwas determined using correlation analysis between individual
methylation values and the trait found to be significantly associated with
thatmodules eigengene in the samemethod as for overallME association.
MM was tested against –log10 transformed PS using Pearson’s
correlation.

Ontological enrichment analysis. For ontological enrichment analysis,
annotated gene-symbols from the Illumina manifest file were extracted
for the corresponding modules. We used a background of all annotated
gene-symbols for all 243,783 probes fed into the analysis. Modules were
tested for ontological terms for biological pathways enriched in CpGs
present within each module using Gene Ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) analysis using the mis-
sMethyl package33 (version 1.30). As similar ontology terms were
observed from this output due to overlapping gene sets, modules were
merged based on semantic similarity using the web tool REVIGO (http://
revigo.irb.hr/)48. Resnik’s measure was used to compute the similarity of
terms and a medium between terms similarity of 0.7 was allowed.

Single cell data processing and cell enrichment analysis
To determine the sub cellular localization of annotated genes determined
from the WGCNA analysis, human SN single nuclei RNA sequencing
(snRNAseq) data generated using the 10× Genomics Platform was sourced
from three separate datasets. Kamath et al.34 included data produced from
NR4A2positive andnegative sortednuclei populations frommidbrain of 18
PD, Lewy body dementia and control donors (n = 387,483 nuclei). Agarwal
et al.49 included data from the SN generated from five control samples
(n = 5,943 nuclei) and Smajic et al.50 included data from six PD and five
control samples (n = 41,435 nuclei). Filtered human single nuclei barcodes,
gene features and expression matrix along with processed UMAPs and
metadata were downloaded and processed. Data was loaded using the
Read10X() function in theSeuratRpackage (version4.3.0). Loadeddatawas
converted to a summarized experiment object using the Summar-
izedExperiment() function in the R package of the same name. colData for
each profiled cell was assigned from the corresponding cell types based on
annotations from the metadata files as determined from the original pub-
lications and annotated at two levels of granularity. Datawas then processed
for Expression Weighted Cell Type Enrichment analysis using functions
within the EWCE51 package (https://github.com/NathanSkene/EWCE)
(version 1.4.0). First, genes with no overall expression or no significant
differential expression between cell types at FDR adjusted q-value threshold
<1e-05 were removed using the drop_uninformative_genes() function with
the Limma setting. A normalized mean expression and specificity cell type
dataset was calculated using the generate_celltype_data() function. Data
quality was assessed at this point for potential artefacts by visual assessment
of known marker gene expression in known cell types using the plot_ctd()
function. Genes annotated to methylated loci in each module determined
from WGCNA were tested separately for cell type enrichment using the
bootstrap_enrichment_test() function. Tests were conducted over 100,000
repetitions and tested for cell type and sub-cell type enrichment separately
(Supplementary Fig. 7). Significant cell type enrichment was determined by
Benjamini-Hochberg (BH) corrected q-values < 0.05. For plotting, similar
modules were determined based on Euclidean distance of a binary sig-
nificance module by cell type matrix.

To refine the cell-type signal observed in the Kamath et al. dataset,
conditional enrichment analyses were conducted, controlling for significant
cell types observed in the initial analysis. Each significant cell type was
assigned as the controlled cell type iteratively using the controlledCT para-
meter in the bootstrap_enrichment_test() function. The corresponding
controlled analyses were interpreted using standard deviations from the
mean and BH-corrected q-values as in the initial analysis.

Parkinson’s progression marker’s initiative data processing and
refined PRS analysis
Data from the PPMI cohort was sourced from the PPMI database (https://
ida.loni.usc.edu/) as has been described previously52. Participating PPMI
sites all received approval from an ethical standards committee before study
initiation and written informed consent was obtained for all individuals
participating in the study. The study was registered at clinicaltrials.gov
(NCT01141023).NeuroXSNParray genotypingdata53 for 619whole-blood
DNA samples, covering 292,313 variants was quality checked and imputed
as previously described52. Following this, 2,288,759 variants were included
from 582 samples covering 365 de-novo PD samples, 161 control samples
and 56 samples with clinical PD but without evidence of dopaminergic
deficit (SWEDD).

For refined PRS analysis, summary statistic data was sourced from the
most recent and largestGWASof depression todate byAls et al. 36 Summary
statistics were pre-processed to remove variants with an imputation infor-
mation score of < 0.9. The PRSet implementation within PRSice-254 was
used to calculate depression PRS’s within PPMI. DepressionSN module
annotated regions were defined by adding a 1 mega-base extension around
each CpG site coordinate within the module. Depression PRSs were cal-
culated for theDepressionSNmodule signal and the base unrefinedGWAS,
testing p-value thresholds of 1, 0.5, 0.05, 0.005, 5e−4, 5e−5, 5e−6, 5e−7 and 5e−8,
with default clumping parameters (1000 kb). PRS score R2 were tested for a
binary trait of depression within all samples, based on a minimum of one
geriatric depression score (GDS) ≥ 5 at a single time point within all avail-
able observations. Sex and the first three genetic derived principal compo-
nents were included as covariates in this analysis.

For time to event analysis, longitudinal GDS records for de-novo PD
samples were annotated from baseline to year 8. To control for severity of
parkinsonian motor symptoms at each visit, Movement Disorder Society
Unified PD Rating Scale Part-III (UPDRS-3), as measured in the off-state
was merged onto the dataset. To confirm consistent, significant depression,
samples required aminimumof three longitudinal records andGDSdefined
depression had to be present for a minimum of two annotated visits. Cox
regression models were fit within the survival package (version 3.5). Base
and DepressionSN module refined PRSs were defined as predictors of
conversion,with sexdefinedas afixedcovariate andage andUPDRS-3 score
as time dependent covariates. For Kaplan Meier curve analysis, PRS scores
were subset into quantiles of risk.

Data availability
DNAmethylation data used in this study was provided for the study by the
authors of a previous publication45. It is available viafigshare https://doi.org/
10.17035/cardiff.27195645.v1. Data used in the preparation of this article
were obtained on 1st June 2020 from the Parkinson’s Progression Markers
Initiative (PPMI) database (https://www.ppmi-info.org/access-data-
specimens/download-data), RRID:SCR_006431. This analysis used data
openly available from PPMI. For up-to-date information on the study, visit
http://www.ppmi-info.org.

Code availability
All codes are available at https://github.com/JoshHarveyGit/PD_
TraitNetworkAnalysis.
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