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Abstract

Age is the primary risk factor for Parkinson’s disease (PD), but how aging changes the

expression and regulatory landscape of the brain remains unclear. Here we present a single-nuclei
multiomic study profiling shared gene expression and chromatin accessibility of young, aged

and PD postmortem midbrain samples. Combined multiomic analysis along a pseudopathogenesis
trajectory reveals that all glial cell types are affected by age, but microglia and oligodendrocytes
are further altered in PD. We present evidence for a disease-associated oligodendrocyte subtype
and identify genes lost over the aging and disease process, including CARNSL, that may
predispose healthy cells to develop a disease-associated phenotype. Surprisingly, we found that
chromatin accessibility changed little over aging or PD within the same cell types. Peak—gene
association patterns, however, are substantially altered during aging and PD, identifying cell-type-
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specific chromosomal loci that contain PD-associated single-nucleotide polymorphisms. Our study
suggests a previously undescribed role for oligodendrocytes in aging and PD.

Results

Parkinson’s disease (PD) is the second most common neurodegenerative disease and is
estimated to affect more than 10 million people globally®. PD prevalence increases from 41
cases per 100,000 individuals in the fourth decade of life to 425 per 100,000 individuals in
the sixth decade of life and to 1,908 per 100,000 individuals in the eighth decade of life2.
During PD pathogenesis, dopaminergic neurons in the substantia nigra degenerate, resulting
in neurological, cognitive and motor symptoms3. Although many genetic components and
environmental risk factors have been identified, the primary risk factor for PD is aging®.

Despite the connection between aging and PD, relatively little attention has been given to
changes in the aging midbrain and how these changes may predispose individuals to the
development of PD. Transcriptomic studies of mouse or fly brains have provided some
insight into aging but have not focused on the midbrain®®. Glaab and Schneider’ used
microarray datasets to investigate shared pathways and network alterations in aging and PD,
but there remains a lack of information on how alterations in gene expression during aging
affect the different cell types in the midbrain and how they contribute to PD pathogenesis.

The field of single-cell transcriptomics and epigenomics has facilitated important

advances in understanding how gene expression and chromatin accessibility contribute

to neurodegeneration8-10, Recent single-cell expression studies of the midbrain have
highlighted a potential role of oligodendrocytes in the midbrain in PD pathogenesis,
supported by strong genome-wide association studies (GWASSs) and transcriptomic datall~
14 This is a surprising finding because vulnerable dopaminergic neurons that are lost during
PD pathogenesis are sparsely myelinated!®. Despite these crucial insights, there remains a
lack of cell-type-specific high-resolution data on what distinguishes *healthy” aging from
neurodegeneration and an incomplete picture of how the epigenetic landscape changes
during aging and PD.

To address this gap, we isolated nuclei from the substantia nigra of postmortem midbrains
of young and aged donors with no neurological disease as well as patients with PD

and compared the single-nuclei transcriptome and genome-wide chromatin accessibility
simultaneously from each nucleus along aging and PD trajectories. This approach allows
us to directly infer cis-acting elements that contribute to gene expression in the same cells
and provides a more complete picture of how the aging process affects gene regulation
and expression in distinct cell types in the midbrain. This multiomic analysis reveals a
disease-associated oligodendrocyte subset that may contribute to PD pathogenesis.

Combined single-nuclei RNA sequencing and assay for transposase accessible chromatin
sequencing of the midbrain

We obtained frozen, postmortem midbrain samples of young (mean, 24 years old) and aged
(mean, 75 years old) neurologically healthy donors and patients diagnosed with PD (mean,
81 years old) (Supplementary Table 1). We isolated nuclei from the substantia nigra and
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performed paired single-nuclei RNA sequencing (sSnRNA-seq) and single-nuclei assay for
transposase accessible chromatin sequencing (ShATAC-seq) on each nucleus (10x Genomics
Single Cell Multiome ATAC + Gene Expression Kit) (Fig. 1a and Supplementary Fig. 1a—c).
After filtering to remove low-quality reads or potential multiplets (Methods), we retained
69,289 high-quality nuclei from 31 individuals (nine young donors, eight aged donors and
14 patients with PD), showing low rates of doublets based on gene expression and robust
ATAC data quality (Supplementary Fig. 1d—g). Using these nuclei, we performed batch
correction, variable gene and principal component analysis (PCA) and uniform manifold
approximation and projection (UMAP) dimensional reduction with Seurat version 4 (ref.
16) (Methods). We identified 23 separate clusters of nuclei in our SnATAC-seq and SnRNA-
seq datasets (Extended Data Fig. 1a). Interrogation of gene expression patterns of known
cell type markers10-17.18 allowed us to classify our nuclei into seven major cell types

(Fig. 1b,d and Extended Data Fig. 1b): neurons (Ns), oligodendrocytes (ODCs), astrocytes
(ASs), microglia (MG), oligodendrocyte precursor cells (OPCs), endothelial cells (ECs)
and peripheral immune cells/T cells (Ts). As expected, clustering based on ATAC profiling
generated the same major clustering patterns for these cells with distinctive chromatin
accessibility profiles at key loci (Fig. 1c,e and Extended Data Fig. 1b). We found that the
vast majority of cells in the midbrain are ODCs, followed by MG, OPCs, ASs and Ns

(Fig. 1f and Supplementary Fig. 1h). Similar to recently published datal4, we did note a
statistical difference in MG and ODC populations between groups (P < 0.01 for ODCs and
MG between young and aged and £ < 0.05 for ODCs and MG between aged and PD;
Supplementary Table 2).

Genes with cell-type-specific expression patterns also showed differential ATAC peaks
nearest to the transcription start site (TSS), which implies unique promoter accessibility
for each cell type (Fig. 1e) and distinctive enrichment of cell-type-specific transcription
factor binding motifs (Extended Data Fig. 1c). Within each cell type, we analyzed
differentially expressed genes (DEGs) between young and aged groups as well as between
aged and PD groups (Supplementary Table 3). Several genes that have been previously
associated with neurological disorders, such as NEAT1, FKBP5and SLC38AZ, were
differentially expressed in multiple cell types (Supplementary Fig. 2a,b and Methods). We
identified cell-type-specific changes in gene expression across groups (Supplementary Fig.
2¢,d,f) that showed potential alterations in neurological function and metabolic pathways
(Supplementary Fig. 2e,9).

Multiomic analysis of peak—gene associations

Despite distinct ATAC profiles among cell types (Fig. 1e), we found surprisingly few
differences among groups (young, aged and PD) within a given cell type (Supplementary
Fig. 3a—c). Our finding is similar to previously published snATAC-seq data comparing
healthy and AD brain samples (Supplementary Fig. 3d,e)1%. Gene expression patterns of
cell-type-specific genes were highly consistent with the chromatin accessibility of their
promoters (Supplementary Fig. 4a). However, differential gene expression within cell types
during aging or PD pathogenesis was not correlated with the chromatin accessibility of the
promoters (Supplementary Fig 4b—e). These results suggest that changes over aging or PD
are not strongly correlated with promoter activation but may rely, instead, on more nuanced

Nat Aging. Author manuscript; available in PMC 2024 August 29.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Adams et al.

Page 4

interactions between distal DNA elements. The paired single-nuclei gene expression and
ATAC-seq data from the same nuclei provide a unique advantage because it allows us

to infer the relationship between chromatin accessibility and gene expression in c¢/s. We
used the analytical framework developed by Ma et al.8 to analyze paired snRNA-seq and
SnATAC-seq data to generate peak—gene associations (Fig. 2a). Correlated associations were
calculated in the chromatin regions within £500 kilobases (kb) of the TSS of annotated
genes where there is covariation between chromatin accessibility and gene expression.

In each cell type, an average of 193,732 significant peak—gene associations (5.3 peaks

per gene) were identified. Most shared peak—gene associations (50.9-56.6%) were near

the TSS (within 5 kb), and unique peaks were linked in more distal regions, suggesting

that expression changes between groups are likely driven by more distal regions, such as
enhancers (Supplementary Fig. 5a,b). In agreement with previous data®, we also observed
that not all peaks were connected to a gene (91,177 out of 210,609 peaks were connected

to at least one gene) and saw an average of 6,812 genes connecting to more than 10 peaks
(Supplementary Fig. 5¢,d). Comparing peak—gene associations in ODCs between groups
identified a subset of genes whose correlated associations were significantly changed during
aging and PD progression (Fig. 2b). Increased peak—gene associations in both aged and

PD groups compared to young (Fig. 2b, red dots) may indicate aging-specific changes,
including the aging marker NEAT1. Conversely, some associations were unchanged between
young and aged but decreased only in the PD cohort, including genes previously linked
with longevity, such as RASGRFI (ref. 20) and MSRA?L (Fig. 2b, blue dots). Peak—gene
associations for NEATI were largely shared in older (aged and PD) groups compared

to young samples (Fig. 2¢c and Extended Data Fig. 2a), whereas, for RASGRF1, similar
patterns were observed in normal control donors (young and aged) with much higher
associations compared to PD (Fig. 2d and Extended Data Fig. 2b). Analysis of c/s-regulatory
motifs of the 43 correlated peaks for NEAT1 specific to the older groups (aged and PD)
showed enrichment of binding motifs for transcription factors related to aging, such as
EGRI/2 (ref. 22) (Extended Data Fig. 2a,c). For RASGRF1, we found 61 significant shared
peaks in the control groups (young and aged) and enriched motifs for NRF2and ASCL 1,
which are related to brain health and neurogenesis?3:24. These motifs were not used in

PD samples (Extended Data Fig. 2b,d). We also compared our peak—gene association data
with previously published H3K27ac HiChIP data prepared from the human midbrain to
validate the biological relevance of our findings?® and found that our peak—gene associations
of ODCs significantly overlapped with reported HiChIP loops (P< 1.0 x 107334 by
hypergeometric test; Extended Data Fig. 2e).

Next, we applied the ATAC peak patterns and peak—gene associations to previously
published PD GWAS databases to identify cell-type-specific single-nucleotide
polymorphisms (SNPs) that are related to PD. We performed linkage disequilibrium (LD)
score regression analysis of GWAS SNPs to cell-type-specific ATAC peaks as described

in Corces et al.2>26, Similarly, our midbrain ATAC peaks that were exclusive to one cell
type were significantly associated with SNPs related to Alzheimer’s disease (AD) in MG

but displayed no significant enrichment of SNP heritability of PD (Fig. 3a,b). However, we
noted that several peaks containing PD-associated SNPs were detected in more than one type
of cell (Fig. 3c), so we expanded our focus to include these peaks that were shared. Inclusion
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of the highly significant shared peaks that were observed in more than 10% of cells of each
cell type and found that these ATAC peaks are significantly associated with SNPs related

to neurodegenerative diseases (PD and AD) but less enriched with other neuronal and non-
neuronal diseases (Fig. 3d). Around 8-16% of known PD-associated SNPs were located on
the midbrain ATAC peaks with cell-type-specific variations (Fig. 3¢ and Extended Data Fig.
3c). For example, the peak on chromosome 1 containing the PD-associated gene P/NKZ has
seven PD SNPs and is significantly enriched only in Ns but not in other glial cells (Fig. 3d
and Extended Data Fig. 3c). The region downstream of the SNCA gene containing 15356174
is accessible in ODCs and OPCs but not in Ns, ASs or MG (Fig. 3e). Similarly, we found
SNPs enriched only in ASs (Fig. 3f) and MG (Fig. 3g). Although this combined analysis

of snATAC-seq data with PD GWAS SNPs could provide a cell-type-specific regulatory
landscape governed by a particular SNP, it is still difficult to infer which genes are regulated
by each SNP. With our paired dataset, we also were able to associate gene expression with
specific SNP-containing regions (Fig. 3h). For example, the MAPT locus on chromosome
17 has nine distinct accessible peaks containing 23 individual SNPs (Fig. 3i), and they
display cell-type-specific peak—gene association patterns (Fig. 3h), implying that the same
SNP could be associated with different gene expression patterns in a cell-type-specific
manner. Interestingly, we also found evidence of a differential peak—gene association among
young, aged and PD donors. The BST71 locus containing three PD-associated SNPs was
accessible in ASs (Fig. 3f), but comparing peak—gene associations between cohorts shows
that this peak is not associated with gene expression in young donors. However, although it
is significantly associated with the expression of CD38and CC2DZA in PD, it is associated
only with CC2DZA in aged control (Extended Data Fig. 3d).

Defining pseudopathogenesis trajectory in ODC

The initial clustering analysis yielded several subclusters for each cell type (Extended Data
Fig. 1a). We examined if they could be further defined based on the gene expression
signatures of previously reported functional subtypes27-33 (Methods). For ODCs, we
identified clusters corresponding to newly formed, myelin-forming and mature ODCs, which
show changes in expression of representative genes (Supplementary Fig. 6a,d). We also
observed clusters with high expression of genes relating to neuronal and synaptic support
(such as NRXN3and NFASC) and clusters with increased expression of ODC-N adhesion
markers (such as STMNI and HAPLNZ2) (Extended Data Fig. 4a and Supplementary

Fig. 6a,d). As previously reported, these subtypes have relatively distinct transcriptional
programs and do not fully overlap?®:32, MG signatures included homeostatic MG, aging
MG and a small population of stagel (7TREMZ2-independent) disease-associated MG,

as shown by expression of representative marker genes, such as PZRY12, APOE and
DOCK?5 (Extended Data Fig. 4b and Supplementary Fig. 6b,e)27:30. ASs exhibited gene
expression signatures for disease-associated ASs, reactive ASs and glial fibrillary acidic
protein (GFAP)-low ASs, as represented by expression of genes such as GFAP, FKBP5
and L UZP2 (Extended Data Fig. 4c and Supplementary Fig. 6¢,f)28:31.34 This cell-type-
specific functional clustering led us to explore potential changes in gene expression and
epigenetic dynamics during the aging and disease process and analyze each major cell
type individually. To highlight heterogeneity and subtle changes within each cell type,

we reclustered each type of cell individually (Methods), starting with ODCs (Fig. 4a and
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Supplementary Fig. 7a). To identify potential transitions in gene expression and chromatin
accessibility between clusters, we performed pseudotime analysis using Monocle3 (ref. 35).
Pseudotime analysis generated a striking trajectory in both snRNA and snATAC clusters
moving from young to aged and then to PD (Fig. 4a). Taking advantage of the paired
multiomic nature of our data, we combined the sSnRNA and snATAC pseudotime and
corrected for error to establish a single combined score based on both expression and
epigenetic datasets that we termed the combined pseudopathogenesis (cPP) trajectory (Fig.
4b). Comparison of the cPP scores between groups showed significant increases from young
to aged and from aged to PD (Fig. 4c). We found 299 genes that increased along this
trajectory and 474 that decreased (Fig. 4d, Extended Data Fig. 4d and Supplementary Table
4). Differentially expressed ATAC peaks were also noticed along the cPP (Supplementary
Fig. 7b). Notably, aging or PD-relevant genes that we identified in peak—gene association
analysis, such as NEATI and RASGRFI1 (Fig. 2¢,d), were also correlated with cPP
(Extended Data Fig. 4e). Gene Ontology (GO) analysis showed that pathways related

to Response to Unfolded Protein, Chaperone-Mediated Autophagy (CMA) and Negative
Regulation of Cell Death were increased, whereas Myelination, Receptor Clustering and
Regulation of Membrane Potential were decreased with advancing pseudopathogenesis (Fig.
4d). Of note, we observed an increase in RPS (ribosomal protein small) family genes

that were previously reported to be increased during aging® (Supplementary Table 4).
Manually curating genes correlated with cPP score into modules based on their annotated
function (Methods) showed that genes related to normal ODC functions, such as myelination
and synapse formation, decrease at high cPP, whereas modules related to the unfolded
protein response and chaperone-mediated autophagy increase (Fig. 4¢€). We also noticed a
distinct polarization in the expression of several genes, including OPAL/IN and RBFOX1,

as previously reported4 (Extended Data Fig. 4f). Notably, both RBFOX1 and OPALIN
expression levels peaked at lower cPP scores and then were reduced in high cPP and were
lower in PD compared to young donors (Extended Data Fig. 4g,h).

Pseudopathogenesis analysis shows distinct microglial changes

We applied the same analytical framework to MG and generated a cPP score for each
nucleus (Fig. 5a,b). We found significant increases in cPP among young, aged and PD
samples for MG (Fig. 5¢). GO analysis of the 894 increased and 254 decreased genes
showed a loss of cell adhesion and chemotaxis and elevated immune activation and
cytokine-mediated signaling pathway (Supplementary Table 4 and Supplementary Fig.
8a). Combined gene module analysis showed a decrease in homeostatic gene signatures
and increases in aging and stagel (TREM2-independent) disease-associated MG (Fig.

5d). We analyzed AS clusters by applying the same strategy and found a statistically
significant increase in cPP score from young to aged samples but no difference between
aged and PD nuclei (Extended Data Fig. 5a—c). GO analysis of trajectory-relevant gene
expression showed generalized increases in apoptosis resistance and CMA pathways but

a reduction in neuronal support (Extended Data Fig. 5d). Gene module analysis indicated
increases in reactive AS signatures and disease-associated AS signatures near the middle
of the trajectory, with a concomitant reduction of GFAP-low module signatures across cPP
(Extended Data Fig. 5e). OPCs exhibited similar results to ASs (Supplementary Fig. 8b—d)
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with a significant increase in cPP scores from young to aged nuclei but no difference in PD
samples.

In-depth analysis of high cPP ODCs

The pseudopathogenesis trajectory provided a strong tool to analyze the incremental changes
that occur with aging and PD pathology. Intriguingly, we noticed that, whereas nearly all
cells from young donors had low cPP scores, there was substantial heterogeneity in aged
and PD samples (Extended Data Fig. 6a). Plotting cell populations as a function of cPP
score revealed three distinct peaks of cells (Fig. 6a), and we identified three populations
based on kernel density estimation3®. As low-cPP nuclei encapsulated the majority of
normal cellular function for ODCs, such as myelination and neuronal support (Fig. 4d,e),
we defined this population as ‘healthy’. The high-cPP population was marked by a loss

of canonical ODC functions and increased stress response genes (Fig. 4e), suggesting that
they are ‘disease-associated’ ODCs, with a population of nuclei with an ‘intermediate’
pattern of gene activation. Healthy cells made up the vast majority of nuclei in our study
(76%), and, surprisingly, 89% of nuclei from aged control donors and 48% of nuclei from
patients with PD were in the *healthy’ population (Fig. 6a and Extended Data Fig. 6b),
suggesting that a significant proportion of cells maintain their normal functions even in
the disease state. We analyzed DEGs among healthy, intermediate and disease-associated
populations (Supplementary Table 5) and noticed interesting trends when compared to
DEGs among young, aged and PD cohorts. Some genes were not significantly changed over
aging but were changed between healthy and intermediate or disease-associated ODCs,
suggesting PD-specific changes that are unrelated to the aging process (Fig. 6b, left).

The list includes reductions in multiple genes involved in the myelination pathway (MBP
and MOBP) and several glial-neuron adhesion genes (CTNNA3and NRXN3) as well as
increases in genes not widely explored in PD, such as SELENOP, QDPR, SL. C38A2 and
IGF1R. We also identified a subset of genes that was differentially expressed over aging
and further changed toward a disease state (Fig. 6b, right). These genes are of particular
interest as they potentially represent age-related risk factors for the development of PD.
They include increases in stress response genes (HSP90AAI and FKBP5) and well-known
neurodegenerative markers, such as MAPT. We also observed an age-dependent loss of
several genes that are further reduced in disease (CARNSI and NKAINZ). Of particular
note, CARNSI, which encodes carnosine synthase 1, has been previously suggested to
have a protective role in neurodegenerative conditions37-38. Next, we applied our cPP
pipeline to analyze the age-matched control and PD midbrain dataset published by Smaji¢
et al.14 to see if we could find the same disease-associated population in another single-
cell study. Similarly, with our datasets, kernel estimation separates three distinct groups
with transcriptional signatures similar to our healthy and disease-associated populations
(Extended Data Fig. 6¢,d). This supports our results that identify differentially affected
subpopulations of cells in PD.

We performed peak—gene analysis of healthy, intermediate and disease-associated ODCs
and identified differential peak—gene associations among these groups. Interestingly,
analyzing ODC-specific peaks containing PD-associated SNPs showed no appreciable peak
enrichment among groups but a significant change in peak—gene association (Fig. 6c¢). For
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example, the chromatin peak containing 7511248060 and rs11724804 was associated with
the expression of FGFRLIand PDEGB in healthy cells, whereas it was associated with an
antisense transcript of undescribed function (AC139887.4) in disease-associated ODCs. The
peak containing 15557074 showed no significant peak—gene correlation in healthy ODCs
but was associated with gene expression in disease-associated ODCs (Extended Data Fig.
6e,f). As previously discussed, the MAPT locus contains multiple PD-associated SNPs.
Five of these peaks, containing 17 individual PD-associated SNPs, have no association with
MAPT expression in healthy cells, but all five peaks were associated with expression in
disease-associated ODCs (Fig. 6d)

To confirm our bioinformatics findings, we performed RNA-FISH on formalin-fixed,
paraffin-embedded (FFPE) human substantia nigra sections and performed a quantitative
analysis (Supplementary Fig. 9). As expected, we observed incremental reductions in the
expression of MBPand CARNSI over aging and PD (Fig. 7a,b). RBFOX1 expression was
decreased in aged controls compared to young donors (Fig. 7c,d). We also confirmed a
significant decrease in PDE1A expression (Fig. 7e,f), whereas SELENOP and QDPR were
significantly elevated in PD compared to age-matched controls (Fig. 7g—j). Of note, we saw
wide variation in the levels of these genes, even in cells from the same donor, supporting the
idea that subsets of cells are differentially affected during the disease process.

Discussion

In this study, we assessed paired snRNA-seq and snATAC-seq patterns in the substantia
nigra region of the midbrain of young, aged controls and patients with PD to elucidate

how aging processes may predispose an individual to PD. By adding data from young
control donors to the current single-cell studies of the brain, our study may considerably
extend understanding of the aging process and neurodegeneration at single-cell resolution.
Leveraging paired analysis of RNA expression and chromatin accessibility from the same
cells provides a unique opportunity to identify cell-type-specific regulation of genes and
their contribution to disease processes. We found that there are marked and widespread
changes in links between expressed genes and discrete chromatin regions during aging and
PD. Trajectory analysis revealed that all cells change over the course of aging, and there

are significant further alterations in ODC and MG populations in PD, further supporting the
recently highlighted roles of these cells in PD development!1-14, We identified a population
of disease-associated ODCs and found that, even in PD, a large percentage of cells maintain
a normal, healthy transcriptional profile. We highlighted genes that were specific for PD but
were unchanged over aging and also identified genes that were incrementally affected by
aging and PD. These aging-related and disease-associated genes may represent a source of
risk that is inherent in the aging process.

Each brain region has a unique cell type composition. Our data agree with previous datall
indicating that ODC is the major cell type in the midbrain, representing approximately 75%
of all cells, which has led to increasing recognition of ODC as a potential major player

in PD11-14, Although this finding is interesting, it should be noted that these single-cell
isolation methods may lead to cell selection bias, and this warrants further research into

the cellular composition of the midbrain with methods that do not rely on dissociation.
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After ODCs, MG, OPCs and ASs are the next most common cell types; however, we

failed to faithfully recover neuronal populations that were reported in previous studies in
the midbrainl?, potentially due to their increased sensitivity to nuclear permeabilization for
ATAC-seq preparation.

We adapted the peak—gene association analysis developed by Ma et al.8 to link distal

peaks to genes in ¢/s based on covariation in chromatin accessibility and gene expression,
which is a crucial step forward in unraveling the complex cellular heterogeneity of the
brain. The recent work by Morabito et al.1° elegantly combined separate ATAC and RNA
expression data to form correlative relationships between two similar nuclei. Peak—gene
association studies further advance this technique by analyzing paired data from the same
nuclei. The importance of this approach is highlighted by our unexpected findings showing
surprisingly little variation in ATAC peaks during aging or PD regardless of changes in
gene expression. Despite this, peak—gene analysis revealed widespread alterations in gene
expression—peak relationships during aging and PD pathogenesis. For example, we showed
that the peak—gene association around the MAPT locus varies widely between cell types
even though many similar peaks suggest that this region may be highly active. Overlaying
known PD GWAS data shows that many nearby ATAC peaks containing PD SNPs are
differentially associated with gene expression in a cell-type-specific manner. As the peak—
gene association is a correlative measure, it remains to be seen how these chromatin regions
may interact with the DNA and which links are upstream or downstream of gene activation.
A more in-depth study of these cis-regulatory mechanisms underlying functional alterations
in cellular subpopulations is necessary to understand the enormously complex changes that
occur during aging and neurodegeneration.

Adapting pseudotime to infer pathogenic changes is a critical step toward expanding
understanding of how aging may alter the midbrain and how those alterations predispose
an individual to PD. Our inclusion of young donors with no neurological disease allows
us to define a baseline, or ‘healthy’, transcriptional state. Multiomic analysis indicates that
ODCs and MG in the midbrain undergo significant population shifts during aging into PD
and show an increase in markers previously associated with aging and neurodegenerative
disease. We did not observe a strong correlation of midbrain ASs or OPCs with PD
development, although this does not preclude them from having important roles in other
brain regions in PD.

Pseudopathogenesis analysis revealed that most ODCs in the midbrain maintain their normal
functions during aging and PD. However, a small subset of disease-associated ODCs with
distinct transcriptional signatures appears during the disease process, suggesting that a small
number of highly dysregulated cells may drive the major disease process. There were sets
of genes selectively changed in PD that were independent of aging, such as QDPR and
SELENOP, but, more importantly, we identified genes that changed over aging that were
further altered during PD. As the primary risk factor for PD is aging, these genes may

help us understand the difference between so-called ‘healthy’ aging and aging-dependent
risk factors for neurological diseases. Of particular note is CARNSI, which encodes
carnosine synthase 1. Carnosine (B-alanine-I-histidine) is an endogenous antioxidant and
neuromodulator and has been shown to confer protective effects in various neurological
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conditions, including AD and PD37:38, We observed that both expression levels and the
number of ODCs expressing CARNSI were incrementally decreased over aging and PD.

It will be interesting to investigate if the loss of CARNSI expression in the subpopulation

of ODCs leads to PD progression. This opens the discussion that ODCs might play a key
role outside of their canonical myelination function to maintain neuronal health and that loss
of this support may tip the balance of the highly vulnerable dopaminergic neurons into a
degenerative state.

The associations of each brain cell type with the genetic risk of neurodegenerative diseases
have been so far discussed in single-cell RNA-seq!112 and single-cell ATAC-seq of human
brains2°. Both studies reported that the genetic risks of AD are significantly associated with
MG. In contrast, significant associations with PD were demonstrated in Ns and ODCs by
single-cell RNA-seq, whereas no significant associations with PD were observed in any cell
types by scATAC-seq. Similar results with this observation were also reproducible by our
SnATAC profiles of the human midbrain. However, we also found that the enrichment of the
genetic disease risks in each cell type varies by the criteria of ATAC peaks. More inclusion
of the shared ATAC peaks across cell types increased SNP heritability for AD and PD. It is
imperative to investigate how these SNPs in the shared ATAC peaks play causative roles in
disease pathology as a prospective study.

In future studies, a more nuanced gradient of aging samples may be required to understand
the continuum of cell states and how populations shift during aging. It will also be
interesting to see what findings of similar studies in different brain regions will uncover,
as this is essential to building a brain-wide atlas of human aging and neurodegeneration.

Human samples

Human midbrain samples were obtained through National Institutes of Health (NIH)
NeuroBioBank requests (Human Brain and Spinal Fluid Resource Center, University of
Maryland Brain and Tissue Bank, Harvard Brain Tissue Resource Center and University
of Miami Brain Endowment Bank). Written informed consent was obtained for the use

of human postmortem tissue samples. This project used de-identified postmortem brain
samples, so it is not considered to meet federal definitions for institutional review board
(IRB) jurisdiction and falls outside the purview of the Rutgers IRB committee. All age, sex
and pathology information are provided in Supplementary Table 1.

Nuclei isolation and sequencing

To reduce batch effects, we processed each batch containing at least one tissue block from
each donor type. Two batches of four tissue blocks were processed each day until all

donor samples had been processed. To capture the substantia nigra region of the midbrain
precisely, we dissected approximately 3 x 3 x 5-mm sections using postmortem photos
provided (Supplementary Fig. 1a), yielding tissue blocks ranging from 50 mg to 75 mg. We
processed the tissue in a dounce homogenizer and then centrifuged it through 1.5 M sucrose
to isolate the nuclei. With this method, we were able to reliably isolate more than 1 x
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108 intact nuclei from approximately 50 mg of postmortem midbrain tissue. Centrifugation
through an iodixanol gradient as previously described® produced high-quality nuclei with
low mitochondrial contamination, but the actual yield of nuclei was very low (2.5-5 x

10* nuclei from approximately 50 mg of postmortem midbrain tissue), so we did not
continue with this method, as the substantia nigra is a small region, and tissue amount is
limited. We stained the nuclei with 7AAD and sorted to purify nuclei from mitochondria.
After sorting, we permeabilized according to current 10x Genomics protocols (protocol
CG000375, Rev A: 10 mM Tris-HCI (pH 7.4), 10 mM NaCl, 3 mM MgCly, 0.1% Tween
20, 0.01% digitonin, 1% BSA, 1 mM DTT, 1 U ul~1 RNase inhibitor) for 2 min on ice.
Nuclei were washed once before counting and proceeding with 10x Genomics protocols for
transposition, nuclei isolation and barcoding and library preparation exactly as written (10x
Genomics protocol Chromium Next GEM Single Cell Multiome ATAC + Gene Expression
CG000338, Rev A). Libraries were sequenced at GENEWIZ using Illumina NovaSeq S4
flowcells. Our actual average sequencing depth was 1.8 x 108 reads per sample for gene
expression libraries and 1.75 x 108 reads per sample for ATAC libraries. After sequencing,
three samples (one each of young, aged and PD) showed strong ATAC results but poor RNA
read quality, indicative of RNA degradation in the original sample. The nuclei from these
three donors were excluded from downstream analysis.

Authors’ note on nuclear isolation

This isolation method was sufficient to obtain high-quality nuclei with minimal blebbing
and worked well in our initial pilot study. However, after in-depth data analysis, we noted
that barcodes for nuclei with neuronal expression patterns consistently showed unusually
high RNA read count, suggesting that these nuclei were clumping together and forming
multiplets, and, thus, these neurons were excluded by our quality control filtering (see
below). In nuclear isolations, this is commonly caused by a partial loss of membrane
integrity that allows genomic DNA to leak out and cause nuclei to stick together. We think it
is likely that the digitonin permeabilization step may have been too harsh for these samples
and that the larger neuronal nuclei were more sensitive to digitonin. Previous publications
also noted the effect of differential responses in cell types to different isolation protocols®.
In the months since we performed the initial isolation, multiple alternative protocols for

the isolation of frozen postmortem tissue have been posted and shared online in unofficial
forums that omit digitonin for this reason. In future studies, we will also adjust our isolation
protocols accordingly.

Quality control of snRNA + snATAC multiome

Both snRNA-seq and snATAC-seq reads were spontaneously mapped to GRCh38

human reference transcriptome and genome, respectively, by Cell Ranger ARC (version
1.0.1) with “—mempercore = 8, —localcores = 12 (https://support.10xgenomics.com/
single-cell-multiome-atac-gex/software/downloads/latest). Quality control of single-nuclei
transcriptome and chromatin profiles was conducted by Seurat (version 4.0.0) and Signac
(version 1.1.1) in R package version 4.0.2, respectively6:39, In brief, we removed cells
with (1) fewer than 100 or more than 7,000 detected genes, (2) fewer than 500 or more
than 20,000 reads and (3) more than 5% mitochondria-derived reads (damaged/dead cells
or doublet) in the RNA datasets. We also evaluated the doublet frequency by counting cells
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expressing both STMNZ and AQP4 (Supplementary Fig. 1d), which are usually exclusively
expressed in cortical neuron and astrocyte, respectively“0. If the ratio of STMNZ*AQP4*
cells to total number of STMNZ2"AQP4~, STMNZ2-AQP4* and STMNZ*AQP4* cells was
more than 3%, the libraries were excluded from subsequent analyses. For quality control of
ATAC datasets, we calculated four measurements: (1) ratio of mononucleosomal fragments
to nucleosome-free fragments, (2) enrichment score in TSS, (3) total number of ATAC-seq
reads per cell and (4) ratio of reads mapped to ‘blacklist regions’ that are genomic regions
inducing aberrant mapping and artificial signals*!. We filtered out cells with (1) more than
4 mononucleosome:nucleosome-free ratio, (2) less than 2 TSS enrichment score, (3) fewer
than 1,000 and more than 60,000 ATAC reads, (4) more than 2% of reads in the blacklist
regions and (5) fewer than 1,000 or more than 25,000 ATAC peaks. Our initial isolation
yielded 82,735 nuclei. After quality control, we retained 69,289 high-quality nuclei that met
the above criteria of RNA and ATAC for subsequent analyses (Supplementary Fig. 1d—g).

Integration of single-cell gene expression profiles

Gene expression profiles were harmonized using Seurat (version 4.0.0) as we have done
previouslyl7.18:40.42 | each snRNA-seq library, raw unique molecular identifier (UMI)
count was normalized to total UMI count. Highly variable genes were then identified

by variance-stabilizing transformation with 0.3 LOESS span and automatic setting of
clip.max value. The top 2,000 variable genes were used to identify cell pairs anchoring
different snRNA-seq libraries using 20 dimensions of canonical correlation analysis (CCA).
After scaling gene expression values across all integrated cells, we performed dimensional
reduction using PCA. For the visualization, we further projected single cells into two-
dimensional UMAP space from 1st and 20th principal components (PCs). Graph-based
clustering was then implemented with the shared nearest neighbor method from 1st and 20th
PCs and 0.8 resolution value. DEGs in each cluster were identified with more than 1.25-fold
change and £ < 0.05 by two-sided unpaired #test. Note that due to the inherent imbalance

in the sex of donor samples, differential gene analysis between donor cohorts includes sex-
specific genes, such as X/STand UTY, which are omitted from downstream analysis. GO
analysis was performed on DEGs by the GOstats Bioconductor package (version 2.56.0)43.
False discovery rate (FDR) was adjusted by the p.adjust function in R with the ‘method =
‘BH’’ option.

Cluster annotation

Cell types were assigned in each cluster ‘island’ with uniquely expressed genes!842, First,
we assigned neuronal clusters with expression of STMNZ2and 7TBR1. ODC and AS clusters
were classified by myelination markers (MBPand MOG) and AS-specific proteins (GFAP
and AQP4) expression, respectively. OL/GI*OL/GZ2* clusters without any neuronal and AS
markers were defined as OPCs. ECs were annotated by substantial expression of FLT71,
VWFand PDGFRB. We annotated clusters with GPR34, TREMZ2and C1QC without any
OPC and AS markers. Because T cell infiltration into the substantia nigra is a hallmark of
PD pathology, we also defined T cell clusters with their specific marker expression (CD3E
and CD8A,).
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Integration of single-cell chromatin profiles

Integrative analysis of single-cell chromatin profiles was performed by Seurat (version
4.0.0), Signac (version 1.1.1), GenomicRanges (version 1.42.0) and Harmony (version 1.0)
R packages3944-46, First, ATAC peaks from all ATAC libraries were merged by the ‘reduce’
function in GenomicRanges. Huge (>10,000 base pairs (bp)) and tiny (<20 bp) combined
peaks were removed from subsequent analyses. ATAC reads were recounted in the combined
peaks by using the FeatureMatrix function in Signac. After merging the peak x cell matrices
from all ATAC libraries, the ATAC read counts were normalized by term frequency-inverse
document frequency. Latent semantic indexing (LSI) was then computed from the merged
count matrix by the singular value decomposition method. To minimize the batch and
technical difference across libraries, we ran the Harmony algorithm using LSI embeddings
with the “project.dim = F’ option. For data visualization, all cells were embedded into
two-dimensional UMAP space from the 2nd and 30th Harmony-corrected LSI. The 1st index
of LSI may represent technical variations, such as sequencing depth, and was not used for
UMAP projection.

Analysis of differential gene expression and chromatin-accessible regions

Gene expression and chromatin accessibility profiles were compared between PD and
healthy aged groups, between healthy aged and young groups or across cell types. The
DEGs and differential open chromatin regions were identified in each cluster by 1.25-fold
change and £ < 0.05 unpaired £test. Cellular events and functions related to the DEGs

and differential open chromatin regions were analyzed by the enrichment of GO using
GOstats (version 2.56.0) as described above*3. Genomic distribution of all ATAC peaks
and differential open chromatin regions was identified by the annnotatePeak.pl script in the
HOMER suite (version 4.11.1) with default parameters#’. Analysis of previous association
of DEGs was done manually848-71,

Analysis of the relationship between gene expression and ATAC peaks

To investigate the relationship between regulatory sites and differential gene expression,
the Spearman correlation was calculated using the normalized gene expression values and
ATAC read counts in each peak—gene pair®. We chose all ATAC peaks within +500 kbp
of TSSs of genes for the correlation analysis. In each peak, we generated 100 permutated
background peaks with the same accessibility. Spearman correlation was also calculated
to the background peaks to estimate the background correlation distribution. We assumed
that the background correlation follows Gaussian distribution. Thus, we determined the P
value of the observed Spearman correlation using the ‘pnorm’ function in R with mean
and standard deviation of the background correlation distribution. We defined significant
peak—gene association with £< 0.05.

Chromatin accessibility across cell types and disease states

SnATAC-seq profiles for patients with AD and age-matched controls were downloaded
from the National Center for Biotechnology Information (NCBI) Sequence Read
Archive (SRP319543)19, Raw sequence reads were aligned to GRCh38 human reference
genome by Cell Ranger ATAC (version 1.2.0) with ‘—-mempercore = 8, —localcores =
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12’ options (https://support.10xgenomics.com/single-cell-atac/software/overview/welcome).
Data pre-processing and integration were performed by Seurat (version 4.0.0), Signac
(version 1.1.1), GenomicRanges (version 1.42.0) and Harmony (version 1.0)39:44-46 55
described above. Chromatin accessibilities across cell types and disease states were
compared by average values of normalized ATAC read counts in all ATAC peaks.

Comparative analysis with HiChIP

Peak—gene associations were compared with H3K27ac HiChIP enhancer connectome data
from human substantia nigra (GSM4441831; 91 years old, low pathology)?®. First, the
interaction loops of H3K27ac were obtained from the NCBI Gene Expression Omnibus.
The connections with g < 0.05 were defined as significant HiChIP loops. Because ODCs
are major components of human substantia nigra, the HiChIP loops were compared with
peak—gene associations in aged ODCs. We counted the number of peak—gene associations
matched with the HiChIP loops and statistically evaluated it with a hypergeometric test8.

Enrichment analysis of GWAS SNPs in highly accessible open chromatin regions in each

cell type

In each cell type, we defined highly accessible open chromatin regions, where ATAC reads
are detected in more than 10% of cells. Subsequently, the enrichment of disease-associated
GWAS SNPs in these open chromatin regions were assessed by LD score regression2. In
brief, we downloaded the plink format of genotype data in Phase 3 1000 Genomes Project,
HapMap3 SNPs, regression weight LD score files, baseline frequency files and GWAS
summary statistics from https://alkesgroup.broadinstitute.org/LDSCORE/. BED format files
of ATAC peaks were converted into ANNOT format files by the make_annot.py script

with the BIM format file of 1000 Genome Project genotype data. Using the ANNOT

file (‘—annot-file”), LD scores were computed by ldsc.py script by inputting plink format
files of 1000 Genomes Project (‘-bfile”) and HapMap3 SNP file (“—print-snps”) with ‘12—
Id-wind-cm 1-thin-annot’ parameters. Partition heritability was then estimated by ldsc.py
script by inputting GWASfile (“-h2”), the computed LD score files (‘-ref-ld-chr’), regression
weight files (‘-w-Id-chr’) and frequency files (“—frgfile-chr’) with ‘—overlap-annot’ options.
Finally, Pvalue for heritability enrichment was used to represent the enrichment of disease-
associated SNPs within the ATAC peaks.

Subgrouping and pseudopathogenesis analysis in each cell type

In each cell type, individual cells were re-scaled in both RNA and ATAC profiles by
SCTransform (version 0.3.2) and LSI, respectively. After the re-scaling, individual cells
were projected into UMAP space. Subsequently, we performed cell trajectory analysis
using Monocle3 (version 0.2.3.0) to estimate pathological stages of individual cells3>. In
brief, Seurat object was converted into Monocle3 “cell_data_set’ format by SeuratWrapper
(version 0.3.0). Clustering was performed by Leiden community detection. Principal graph
of cell trajectory was constructed using the learn_graph function with default parameter
and used for pseudotime calculation by choosing cells in young group-specific clusters as
root cells. In each cell i, two pathological measurements, RNA-derived and ATAC-derived

Nat Aging. Author manuscript; available in PMC 2024 August 29.


https://support.10xgenomics.com/single-cell-atac/software/overview/welcome
https://alkesgroup.broadinstitute.org/LDSCORE/

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Adams et al.

Page 15

pseudotime (PT v, and PT .r4c.;), Were combined by dividing their variances of all cells
(62xx4 and 62,;,c) as follows:

PTrya,i + PT srac.i
G_%ZNA G,%’I‘AC
1 1

2 2
ORNA 0ATAC

cPP, =

Here, we called the combined values with corrected errors as cPP..

To identify differential genes and peaks along pseudopathogenesis, we calculated Spearman
correlation with the scaled gene expression and peak intensity values. We chose genes

and peaks with >0.1 or <-0.1 for subsequent analyses. Peaks associated with at least one
pseudopathogenesis-correlated gene were used for subsequent motif enrichment analysis.

Functional subtype gene modules

To identify potential subsets of nuclei with functional differences, we used literature-derived
gene sets that were previously repor ted?7:28:30-32.34 For each set of genes, we used the
AddModuleScore function of Seurat to establish a combined expression score for each
nucleus for all the genes in the list and added it as metadata. The gene sets for each ODC
module are as follows: newly formed ODC (7CF7L2, CASR, CEMIP2Zand /TPR2); myelin-
forming ODC (MAL, MOG, PLPI1, OPALIN, SERINC5and CTPSI); mature ODC (KLKES,
APOD, SLC5A11and PDE1A); Synaptic Support ODC (NFASC, NRXN3, CNTNAFPZ and
ANK3); and ODC-Neuron Adhesion Markers (HAPLNZ, STMNI, MAP1B, SEMAS5A,
EPHBZ, 5100B and PRKCA). After cPP analysis, two additional modules were identified
based on manual annotation of cPP-relevant genes, which we cross-referenced with GO
analysis: Protein Folding (HSP90AA1, HSPA1A, HSPA1B, CRYAB and FKBP5) and
Chaperone-Mediated Autophagy (LAMPZ, ST13, DNAJBI, STIP1, HSPA8and BAG?3).
The gene sets for MG modules are as follows: Homeostatic MG (HEXB, CST3, CX3CR1,
CTSD, CSFIR, CTSS, SPARC, TMSB4X, PZRY12, C1QAand CI1QB); Stage 1 TREM2-
independent DAM MG (TYROBP, CTSB, APOE, B2M and FTHI); Stage 2 TREM2-
dependent DAM MG (TREMZ, AXL, CST7, CTSL, LPL, CD9, CSF1, ITGAX, CLEC7A,
LILRB4and TIMP2); and Aging MG (/L15 CLEC2Band DOCK?Y). The gene sets for

AS modules are as follows: Disease-Associated AS (GFAP, CSTB, VIM, OSMR, GSN
and GGTA1P); Widespread or PD Reactive AS (GFAP, VIM, CHI3L1, MT1A, S100B and
NFAT); and GFAP-low AS (LUZP2, SLC7A10and MFGES).

Cell classification by cPP

To infer multimodality of the cPP histogram, we performed kernel density estimation by
the ‘multimode’ R package33. In brief, we applied the ‘locmodes’ function to cPP scores
of ODC with ‘mod0 = 3’ and estimated the location of anti-modes (valleys) of multimodal
distribution. We used anti-modes between the first and second modes and between the
second and third modes as thresholds of ‘intermediate’ and “disease’ group, respectively.
Comparison of previously published single-cell RNA-seq datal* was performed using the
same analysis pipeline previously described for ODCs. In brief, the ODC subset was
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processed using SCTransform with the previously defined parameters. To identify if there
was also a clear trajectory from healthy to disease states, we used the top 10 DEGs
between healthy and disease to establish a gene expression module. Using the clusters

with the highest expression of the healthy and disease gene modules as the root cells, we
constructed a principal graph of cell trajectory using the learn_graph function with default
parameters. We noted the appearance of a single large mode peak at the highest pseudotime
value and denoted these nuclei as ‘disease’ for comparative analysis. We also applied the
same analysis technique to other glial cell types from our samples, but the smaller cell
populations tend to generate multiple small histogram peaks, and we elected not to include
this analysis to prevent erroneous conclusions from being drawn through over-interpretation
or “force-fitting’ of data.

Motif enrichment analysis

Transcription factor binding motifs in ATAC peaks were identified using the HOMER
(version 4.11) suite. In brief, we created BED format files for specific sets of ATAC
peaks and ran the findMotifsGenome.pl script with the ‘-size given’ option to evaluate the
statistical significance of the motif enrichment. —log1o(FDR) value was used as a score of
motif enrichment in the set of ATAC peaks.

SNP-containing peaks

Curated PD-related SNPs were obtained from the DisGeNET database’2. PD-related SNP
loci within ATAC peaks were detected by BEDTools’3. To evaluate statistical significance,
we calculated the expected frequency of PD-related SNPs by subsampling genomic regions,
whose number and size are the same with ATAC peaks. We repeated the subsampling at 10
times and estimated Gaussian probability distribution. Then, Pvalues of the observed count
of PD-related SNPs within ATAC peaks were calculated from the estimated probability.

Single-molecule RNA-FISH

Multiplex RNA-FISH in 5-um FFPE human substantia nigra brain tissue sections was
performed using an RNAscope Multiplex Fluorescent v2 Assay Kit (Advanced Cell
Diagnostics) according to the manufacturer’s instructions. Probes were designed and
manufactured by Advanced Cell Diagnostics: Hs-CARNS1-C1 (cat. no. 1171001), Hs-
PDE1A-C1 (cat. no. 446121), Hs-SELENOP-C1 (cat. no. 512831), Hs-QDPR-C2 (cat.

no. 560001) and Hs-MBP-C3 (cat. no. 411051). Sections were imaged using an Andor
Dragonfly 2000 confocal microscope with Nikon x40 and x100 objectives. Quantification
of RNAscope signal was performed using Imaris (version 9.9) imaging suite ‘Dots’
functionality (Supplementary Fig. 8). Cells with nuclear MBP signals were considered to
be ODCs. We counted all positive RNAscope puncta over 0.75 pm in diameter within a
100-pixel (18 pm x 18 um) square centered around the ODC nuclei, for the full depth of the
tissue slice (5 pm). We used three donors from each cohort and selected 3-5 fields (based on
tissue size and condition) from each tissue slide for analysis.
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Statistics and reproducibility

No statistical methods were used to pre-determine sample sizes, but our sample sizes are
similar to those reported in previous publications!1:14.19 All statistical analysis methods are
indicated in the figure legends where appropriate. Statistical analyses and data visualizations
were performed in GraphPad Prism (version 9.0.2) or R (version 4.0.2). Data distribution
was assumed to be normal, but this was not formally tested. Three samples were excluded
after initial analysis indicated high ATAC signal quality with poor RNA-seq library quality,
indicative of RNA degradation in the original sample. Investigators were not blinded to
allocation during experiments and outcome assessment. No randomization method was used.

Extended Data
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Extended Data Fig. 1 |. Multiomic analysis of human midbrain.
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a, UMAP visualization of single nuclei by RNA (left) and ATAC (right) profiles. Nuclei

are colored by 23 joint clusters. b, Heatmap showing Spearman correlation of average

RNA

expression (left) and ATAC peaks profiles (right) by cell types for each individual. Top and
second color bars represent groups of donors and cell types, respectively. ¢, Enrichment of

motifs in each annotated cell type.
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Extended Data Fig. 2 |. Changes in peak-gene connections in young, aged, and PD for NEAT1

and RASGRF1.
a,b, Venn diagram of the number of associated peaks with NEAT1 (a) and RASGRF1

(b) for young, aged, and PD midbrain. c,d, Heatmap showing enrichment of TF binding
motifs in associated peaks with NEAT1 (c) and RASGRF1 (d). e, Comparison of peak-gene
association detected in our samples with H3K27ac HiChIP data from the human midbrain

(Morabito et al.1%) near the FKBP5 locus.
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Extended Data Fig. 3 |. Different distribution of PD-associated SNPs within ATAC peaks across
cell types.

a, Number of PD-related SNPs is shown on the ideogram in each cell type. (blue, 1; purple,
2; green, 3; orange, 5; red, 7 SNPs) b, Differential peak-gene associations in astrocytes
across PD patients and healthy young and aged donors. Whereas the ATAC peak on

the BST1 locus is commonly detected in PD patients and healthy donors, the peak-gene
associations are different between PD patients and healthy donors. This ATAC peak contains
three PD-related SNPs.
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Extended Data Fig. 4 |. cPP analysis of ODC.
a-c, Dot plot displaying enrichment of gene expression modules for functionally distinct

subpopulations for ODC (a), MG (b), and AS (c) clusters in the human midbrain. d,
Example genes that have a correlated increase (HSP90AAL) and decrease (CTNNAS3) of
expression with cPP trajectory. e, Plot of expression of NEAT1 and RASGRF1 across
cPP trajectory. NEAT1 expression is correlated with increasing cPP score; RASGRF1
expression is inversely correlated with cPP score (NEAT1: Spearman correlation = 0.314,
p < 2.2e-16, RASGRF1: Spearman correlation = —0.110, p < 2.2e-16). Black line indicates
loess-smoothed curve, and the gray outline represents 95% CI. f, UMAP of RBFOX1 and
OPALIN and their coexpressed genes are mutually exclusive in ODC. g, Expression plot
of RBFOX1 and OPALIN across cPP trajectory. n = 15,192 (Young), 11,973 (Aged), and
18,415 (PD). h, Dot plot of gene expression for RBFOX1 and OPALIN in each donor
cohort.
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Extended Data Fig. 5 |. Establishment of pseudopathogenesis trajectory in AS.
a, UMAP plot of AS nuclei colored by subclusters b, UMAP plot of AS nuclei colored

by young, aged, and PD donor. ¢, UMAP plot of AS nuclei colored by cPP. d, cPP scores

of individual AS nuclei from young, aged, and PD midbrain are significantly changed over
aging but not a disease state. (One-way ANOVA with Tukey’s post-hoc analysis, p-value for
Y/A =0.002, p-value for Y/P = 5.28e-4, p-value for A/P = 0.24). p-values are represented as
**p <0.01 and *** p < 0.001. e, Heatmap showing AS genes correlated with cPP trajectory.
X-axis represents individual cells sorted by cPP. Y-axis of heatmap represents positively
(upper)- and negatively (bottom)-correlated genes. Representative genes and significant GO
terms are shown in the right panel (Spearman correlation > 0.1 or < -0.1).n = 999 (Young),
397 (Aged), and 1,032 (PD). The bottom, center, and top of the box represent 25, 50,

and 75 percentile. Whiskers represent 1.5 x IQR. f, Gene expression modules across AS
cPP trajectory. Top panel shows individual nuclei AS along with cPP scores and donor
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group. X-axis shows the cPP score. Y-axis is the combined expression level for all genes
in the expression module. Black line indicates loess-smoothed curve, and the gray outline

represents 95% CI.
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Extended Data Fig. 6 |. Aging- and disease-specific analysis.
a, Violin plot of cPP score of every individual ODC nuclei by donor. b, Bar graph

showing the percentage of nuclei in donor cohort from healthy, intermediate, and disease
groups. ¢, UMAP showing healthy, intermediate, and disease subsets from publicly available
snRNA-seq data (Smajic et al, 2022) from the human PD and aged control midbrain

after pseudopathogenesis analysis. d, Dot plots of genes from the same dataset (Smaji¢

et al, 2022) showing similar expression patterns among healthy, intermediate, and disease
subsets as our multiomic dataset. Circle size represents relative gene expression to healthy
subsets. e,f, Representative peak-gene connection plots for peaks containing PD-associated
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SNPs that have decreased () or increased (f) gene connections in disease-associated ODC
compared to healthy ones. Motif information was obtained from the JASPAR Transcription
Factors track in the UCSC genome browser. SNPs associated with each peak are shown
below.
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Fig. 1 |. Multiomic analysis of human midbrain.
a, Schematic of isolation and snATAC plus gene expression analysis for human postmortem

midbrain (created with BioRender). b,c, UMAP visualization of single nuclei by RNA (b)
and ATAC (c) profiles. Nuclei are colored by identified cell type (left) and donor type
(right). d, Expression of cell-type-specific genes in each annotated cell type cluster. Error
bars represent mean + s.e.m. e, Chromatin accessibility at cell-type-specific genes in each
annotated cell type cluster. f, Percentage of each cell type passing quality control criteria
identified in young, aged and PD. Two-sided Student’s #test shows that ODCs significantly
changed from young to aged (P = 0.002) and aged to PD (P = 0.023). MG significantly
changed from young to aged (P = 0.007) and aged to PD (P = 0.042). Pvalues are
represented as *P < 0.05, **P< 0.01 and ***£ < 0.001. Ns (7= 489), ODCs (n = 45,580),
ASs (n=2,428), MG (n= 4,482), OPCs (n=4,396), ECs (7= 125) and Ts (7= 110). SN,
substantia nigra.
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Fig. 2 |. Analysis of peak—gene connections in the human midbrain.
a, Schematic of peak—gene analysis between samples. b, Comparison of the number of

connected peaks in each gene between young and aged (left) and young and PD (right)
midbrain. Some genes show altered peak connections from young in both aged and PD (red
dots). Some genes show altered peak connections only in PD (blue dots). c,d, Peak—gene
connection plots for NEAT1 (c) and RASGRFL1 (d) among young, aged and PD midbrain.
Top, normalized ATAC read count distribution. Bottom, arcs show ATAC peaks significantly
correlated with gene expression. Arc height represents statistical significance.
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Fig. 3 |. Enrichment of PD-associated SNPs in highly accessible open chromatin regions.
a, Heat map showing the normalized chromatin accessibility of cell-type-specific ATAC

peaks by Corces et al.2° criteria. b, The enrichment of GWAS SNPs from AD and PD in the
cell-type-specific ATAC peaks. ¢, Heat map showing the normalized chromatin accessibility
of highly accessible peaks. d, LD score regression analysis of GWAS SNPs associated

with neuronal and non-neuronal diseases. —log(~P value) for the heritability enrichment is
shown by a bar graph. e, Pie chart representing the number of PD-associated SNPs within
cell-type-specific ATAC peaks. Statistical significance was calculated by hypergeometric
test. f—i, Chromatin accessibility around cell-type-specific ATAC peaks in four different
regions. These peaks are unique to Ns (f), ODCs/OPCs (g), ASs (h) and MG (i) and contain
the indicated PD-associated SNPs. j, Differential chromatin accessibility and peak—gene
associations around MAPT gene across cell types. Peak—gene associations were calculated
from single-cell multiome data of patients with PD. Significant peak—gene associations
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are represented by colored thick curves. k, Chart showing PD-associated SNPs in the
highlighted regions of j.
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Fig. 4 |. Establishment of pseudopathogenesis trajectory in ODCs.
a, UMAP plot of ODC nuclei colored by young, aged and PD donor (left) and heat map

of RNA-based and ATAC-based pseudotime trajectory (right). b, Schematic of calculation
of cPP score from transcriptome and ATAC profiles (Spearman correlation = 0.419; P=
2.2 x 10716). ¢, Significant difference in cPP scores of individual ODC nuclei from young,
aged and PD midbrain (one-way ANOVA with Tukey’s post hoc analysis; Pfor Y/A=1

x 107199 pfor Y/P =1 x 107199 and Pfor A/P = 1 x 107199). Pvalues are represented

as *P<0.05, **P<0.01 and ***P< 0.001. n= 15,192 (young), n= 11,973 (aged) and
n=18,415 (PD). The bottom, center and top of the box represent 25th, 50th and 75th
percentiles, respectively. Whiskers represent 1.5% interquartile range. d, Heat map showing
genes correlated with cPP trajectory. x axis represents individual cells sorted by cPPs. y
axis of heat map represents positively (upper) and negatively (bottom) correlated genes.
Representative genes and significant GO terms are shown in the right panel (Spearman
correlation > 0.1 or Spearman correlation < -0.1). e, Change in gene expression modules
across cPP trajectory in ODCs. Top panel shows individual ODC nuclei along cPP scores
and donor group. x axis shows cPP score. yaxis is the combined expression score for all
genes in the expression module. Black line indicates LOESS-smoothed curve, and the gray
outline represents 95% confidence interval. PT, pseudotime trajectory.
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Fig. 5 |. Establishment of cPP trajectory in MG.
a, UMAP plot of MG nuclei colored by subclusters b, UMAP plot of MG nuclei colored

by young, aged and PD donors. ¢, UMAP plot of MG nuclei colored by cPP. d, Significant
difference in cPP scores of individual MG nuclei from young, aged and PD midbrain
(one-way ANOVA with Tukey’s post hoc analysis; P for Y/A =1.71 x 1078, Pfor Y/P
=1.71 x 1078 and Pfor A/P = 1.71 x 1078). Pvalues are represented as *P< 0.05, **P
<0.01 and ***P< 0.001. 7= 1,930 (young), 7= 460 (aged) and 7= 2,092 (PD). The
bottom, center and top of the box represent 25th, 50th and 75th percentiles, respectively.
Whiskers represent 1.5x interquartile range. e, Gene expression modules across MG cPP
trajectory. Top panel shows individual MG nuclei along with cPP scores and donor group. x
axis shows cPP score. yaxis is the combined expression score for all genes in the expression
module. Black line indicates LOESS-smoothed curve, and the gray outline represents 95%
confidence interval.
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Fig. 6 |. Analysis of disease-associated ODCs.
a, Histogram and inferred multimodal distribution of ODCs across cPP. Mode valleys

were identified using the ‘multimode’ package in R. Peaks were identified as healthy,
intermediate and disease-associated ODCs. Bar graph shows the percentage of nuclei in
each group from the three donor cohorts. b, Dot plot of selected genes with differential
expression among healthy, intermediate and disease-associated cells. Left, genes with
disease-specific changes with no differential expression between young and aged/PD. Right,
genes differentially expressed over aging/PD. Circle size represents relative gene expression
to healthy subsets or young. ¢, Heat maps represents relative peak intensity and peak—

gene association to healthy group (log,(ratio)) for PD-associated SNP-containing peaks
among healthy, intermediate and disease-associated ODCs. Statistical difference of the peak
intensity and peak—gene association across the three groups were assessed by two-sided
Student’s ttest. Pfor H/D = 8.28 x 104 and Pfor I/D = 1.49 x 1072. Pvalues are
represented as *~< 0.05 and ***£ < 0.001. d, Peak—gene association plots for peaks with
PD-associated SNPs that are significantly correlated with MAPT gene expression in healthy,
intermediate and disease-associated ODCs. Black arrow indicates the location of MAPT
promoter. SNPs associated with each peak are shown below. NS, not significant.
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Fig. 7 |. RNA-FISH of human midbrain samples.
Confocal imaging (x40) of RNA-FISH for FFPE human midbrain sections for indicated

targets (scale bar, 15 pm). Inset (x100) (scale bar, 5 um). a, Representative fluorescence
images of CARNS1 and MBP showing reduced expression over aging/PD. b, Quantification
of MBP and CARNS1 puncta within a 100 x 100-pixel square around MBP + ODC nuclei
(one-way ANOVA with Tukey’s post hoc test; MBP, P for Y/A = 8.58 x 1075, Pfor Y/P
=9.34 x 1079 and Pfor A/P = 0.0387 (/7 Y =21, A = 18 and PD = 18); CARNS1, P for
Y/A =123 x 1078, Pfor Y/P = 1.49 x 10711 and Pfor A/P = 2.78 x 1074 (/. Y = 26, A
=18, PD = 18)). ¢, Representative fluorescence images of RBFOX1 showing a reduction

in aged control compared to young samples. d, Quantification of RBFOX1 puncta in MBP*
nuclei (two-sided Student’s #test, £=0.0001, /= Y =25 and A = 18). e, Representative
fluorescence images of PDE1A showing a decrease in PD compared to aged control. f,
Quantification of PDE1A puncta in MBP* nuclei (two-sided Student’s £test, = 0.0106, .
A =13 and PD = 13). g,i, Representative fluorescence images of SELENOP (g) and QDPR
(i) showing increases in PD compared to aged control. h,j, Quantification of SELENOP (h)
and QDPR (j) puncta in MBP* nuclei (two-sided Student’s #test. SELENOP, A= 0.0231

m A=22andPD =27; QDPR, £=0.0021, . A =22 and PD = 27). For each target, we
selected 3-5 fields from three unique donors from each cohort. Pvalues are represented as
*P<0.05, **P<0.01 and ***P < 0.001. Error bars represent s.e.m. A, aged; Y, young.
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