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INTRODUCTION: Alzheimer’s disease (AD), dementia with Lewy bodies (DLB), and
Parkinson’s disease (PD) represent a spectrum of neurodegenerative diseases (NDDs).
Here, we performed the first direct comparison of their transcriptomic landscapes.
METHODS: We profiled whole transcriptomes of NDD cortical tissue by single-
nucleus RNA sequencing, using computational analyses to identify common and dis-
tinct differentially expressed genes (DEGs), pathways, vulnerable and disease-driver
cell subtypes, and altered cell-to-cell interactions.

RESULTS: The same inhibitory neuron subtype was depleted in both AD and DLB.
Potentially disease-driving neuronal cell subtypes were identified in both PD and DLB.
Cell-cell communication was predicted to be increased in AD but decreased in DLB
and PD. DEGs were most commonly shared across NDDs within inhibitory neuron
subtypes. Overall, AD and PD showed greatest transcriptomic divergence, while DLB
exhibited an intermediate signature.

DISCUSSION: These results may help explain the clinicopathological spectrum of these
NDDs and provide unique insights into shared and distinct molecular mechanisms

underlying pathogenesis.
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Highlights
* The same vulnerable inhibitory neuron subtype population was depleted in both
Alzheimer’s disease (AD) and dementia with Lewy bodies (DLB).
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and PD.

1 | BACKGROUND

(NDDs) such as

Alzheimer’s disease (AD), Parkinson’s disease (PD), and dementia

Age-associated neurodegenerative diseases
with Lewy bodies (DLB) exhibit overlapping clinical manifestations of
molecular neuropathologies (Figure 1A). For example, Lewy bodies
are present in more than half of AD cases,»? and tau neurofibrillary
tangles (NFTs) have been identified in brains of patients with familial
PD (fPD).2 Tau also appears to be a common component of Lewy
bodies in association with a-Synuclein (SNCA).*> Tau NFTs and amyloid
beta (AB) plaques are also associated with DLB in ~ 70% of cases,®’
indicating convergence of underlying pathological mechanisms of both
AD and PD in DLB.® Evidence suggests that these co-pathologies of
tau, AB, and SNCA aggregates are not merely coincidental but that
these molecules are also likely involved in seeding the aggregation of
one another.”

In addition to comorbidities and co-pathologies, shared genetic eti-
ologies among these three NDDs were also reported. Genome-wide
association studies (GWAS) focusing on each of these NDDs have iden-
tified variants separately associated with increased risk for AD,10-12
PD,314 and DLB,*>1¢ and overlap in genetic risk factors between the
NDDs has also been observed. For example, mutations in apolipopro-
tein E (APOE), the primary risk factor for AD, have also been linked
to increased risk of DLB! and cognitive decline in PD.17 Addition-
ally, SNCA mutations have been similarly linked to both AD!® and
DLB?5 risk. Furthermore, mutations in GWAS AD risk genes, including
APP,Y? PSEN1,19-21 and PSEN2,%21 and GWAS PD risk genes, includ-
ing LRRK2,22 MAPT,%® and SCARB2,%* have also been experimentally
linked to DLB. However, numerous loci with positive risk correlations
for either AD or PD are not correlated with DLB risk.!> These data indi-
cate unique as well as common genetic underpinnings for each of these
NDDs.

Most disease-associated single nucleotide variants (SNVs) are
located in non-coding genomic regions, suggesting that in many cases
allelic disease effects may derive from altered gene regulation rather
than altered protein coding, and therefore, additional information
is required to determine the relevant target genes impacted. The
development of single-cell transcriptomics has helped elucidate these
changes in gene regulation by enabling examination of expression pat-

terns within individual brain cells of NDD patients at an unprecedented

* Potentially disease-driving neuronal cell subtypes were discovered in both Parkin-
son’s disease (PD) and DLB.

* Cell-cell communication was predicted to be increased in AD but decreased in DLB

« Differentially expressed genes were most commonly shared across neurodegenera-
tive diseases in inhibitory neuron types.

* AD and PD had the greatest transcriptomic divergence, with DLB showing an
intermediate signature.

cell type and subtype resolution. This methodology has been applied
individually to AD?>-28 and PD,2%:30 but for DLB only bulk transcrip-
tomic studies have been previously performed.31-33 Moreover, to our
knowledge, no study to date has compared the transcriptional pro-
files across these NDDs. In this work, we used single-nucleus RNA
sequencing (snRNA-seq) to directly compare for the first time the
transcriptomic signatures of these three prevalent NDDs to elucidate
shared and unique dysregulated genes and networks among these
pathologies (Figure 1B). As the temporal lobe is commonly affected
in the course of disease progression of each of the three NDDs,34-38
we examined gene expression within temporal cortex (TC) samples to
directly compare the transcriptomic landscapes across these patholo-
gies. In addition to comparing each NDD to normal control (NC)
samples, we also performed examinations of differential gene expres-
sion between each pair of NDDs (i.e., AD vs. PD, AD vs. DLB, PD
vs. DLB), all at a granular cell subtype level of precision. We further-
more identified and characterized specific cell subtypes depleted in
each of the NDDs, and predicted changes in cell-to-cell communica-
tion patterns associated with each disorder. Our findings yield novel
insights into pathology-associated changes in gene expression that
may facilitate the development of new detection and treatment strate-
gies targeting specific NDDs or that may be potentially effective in the
treatment of a range of disorders.

2 | METHODS

2.1 | Human post mortem brain tissue samples

The demographics, pathological notes, and other metadata for this
study cohort are detailed in Table S1 in supporting information. Exten-
sive pathology information for PD samples is provided in Table S2 in
supporting information. Frozen human TC tissue samples from donors
clinically diagnosed with AD (n = 12), DLB (n = 12), and NC donor
samples (n = 12) were obtained from the Kathleen Price Bryan Brain
Bank (KPBBB) at Duke University. Samples from donors diagnosed
with PD (n = 12) were obtained from the Banner Sun Health Research
Institute (BSHRI).3? NCs were derived from donors with no clinical his-
tory of neurological disorder and samples had no neuropathological

evidence of neurodegenerative diseases. Clinical diagnosis of AD was
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FIGURE 1 Elucidating similarities and differences in transcriptomic landscapes underlying shared and distinct pathologic attributes of AD, PD,
and DLB. A, Convergence of disease attributes across NDDs. Dementia is a defining symptom of both AD and DLB but may also be present in PD,
while motor deterioration is a primary symptom of PD and DLB but may also be present in AD. Lewy bodies are a hallmark of both PD and DLB, but
are also present in more than half of AD cases, while tau and Ag, hallmarks of AD, are often present in DLB, and tau is a common component of
Lewy bodies. APOE variants represent the highest genetic risk factor for AD, but mutations have also been linked to DLB risk and cognitive decline
in PD. SNCA is primarily associated with PD and DLB, but mutations in this gene are also are associated with increased risk of AD. Furthermore,
numerous GWAS identified risk alleles show overlap across all three NDDs. B, Comparison of NDD transcriptomic landscapes via snRNA-seq. TC
samples from 12 donors diagnosed with AD, DLB, and PD, as well as normal controls, were used for snRNA-seq analysis, followed by integration of
transcriptomic datasets and cell type annotation. Datasets were examined for depletion of neuronal cell subtypes in each NDD compared to NC
nuclei, identification of disease-driver cell types with enriched expression of GWAS genes, changes in cell-to-cell communication between cell
subtypes in NDD and NC nuclei, shared genes differentially expressed in each NDD compared to NC nuclei, and differential gene expression
between each pair of NDDs. AB, amyloid beta; AD, Alzheimer’s disease; APOE, apolipoprotein E; DLB, dementia with Lewy bodies; GWAS,
genome-wide association study; NC, normal control; NDD, neurodegenerative disease; PD, Parkinson’s disease; snRNA-seq, single-nucleus RNA
sequencing; TC, temporal cortex.
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pathologically confirmed using Braak staging (AT8 immunostaining)
and amyloid deposition assessment (4G8 immunostaining) for all AD
samples. All AD tissue donors were in Braak & Braak stage Il through
V. DLB clinical diagnoses were pathologically confirmed based on cri-
teria described by McKeith et al.” All DLB donors were confirmed to
exhibit Lewy-related pathology within the neocortical, limbic, or brain-
stem regions and showed low levels of AD neuropathologic change
(Braak stages | or II), with the exception of donor 1097 which exhibited
Braak stage Il pathology. Donor patient PD diagnoses were defined
by the presence of two of the three cardinal clinical signs of rest-
ing tremor, muscular rigidity, and bradykinesia. Additionally, diagnoses
of all PD samples were confirmed in autopsy by observation of pig-
mented neuron loss and the presence of Lewy bodies in the substantia
nigra (SN). Neuropathological states of PD samples were confirmed
post mortem using established clinical practice recommendations for
McKeith scoring®® and staging via the Unified Staging System for Lewy
Body Disorders (USSLB).** All PD samples for which information was
available had McKeith scores ranging from moderate to severe (2-4)
in both the amygdala and SN. Where available, TC McKeith scores for
most of the PD samples were either O or 1, with one sample each receiv-
ing scores of 2 and 3, indicating mild or absent PD pathology in this
region for the majority of samples. USSLB stages of PD samples ranged
from Il to IV. PD samples 96-36 and 96-49 were lacking specific USSLB
stage determination due to harvesting prior to BSHRI standardization
of stage determination protocol. All tissue donors were White, with
the APOE e3/e3 genotype. The project was approved for exemption
by the Duke University Health System Institutional Review Board. The
methods described were conducted in accordance with the relevant
guidelines and regulations.

2.2 | Cohort statistics

For comparisons of demographic variables, R statistical programming
language was used. Age and post mortem interval (PMI) of NC, AD, DLB,
and PD diagnosis groups were compared (Table S3 in supporting infor-
mation). The Shapiro-Wilk test was used to test for normal distribution
of age and PMlI values. As these were found unlikely to be normally dis-
tributed, Kruskal-Wallis H tests were used to determine significance of

age and PMI differences between diagnosis group means.

2.3 | Nuclei isolation from post mortem human
brain tissue

The nuclei isolation procedure has been described,?® and was based

on previous studies*%*3

and optimized for single-cell experiments. One
hundred to 200 mg of human TC brain tissue samples were thawed in
lysis buffer (0.32 M sucrose, 5 mM CaCl,, 3 mM magnesium acetate,
0.1 mM ethylenediaminetetraacetic acid, 10 mM Tris-HCl pH 8, 1 mM
dithiothreitol [DTT], 0.1% Triton X-100) and homogenized with a 7 mL
dounce tissue homogenizer (Corning) and filtered through a 100 um

cell strainer, transferred to a 14 x 89 mm polypropylene ultracen-

RESEARCH IN CONTEXT

1. Systematic review: The authors reviewed the literature
using traditional sources (e.g., PubMed). While single-cell
sequencing technology has been applied individually to
Alzheimer’s disease (AD) and Parkinson’s disease (PD), for
dementia with Lewy bodies (DLB), only bulk transcrip-
tomic studies have been previously performed. Moreover,
no study to date has compared the transcriptional pro-
files across these diseases. These relevant citations are
appropriately cited.

2. Interpretation: Our findings are in alignment with the
pathological phenotypes of the diseases, wherein AD and
PD exhibit relatively distinct symptoms and molecular
pathologies while DLB manifests clinical attributes of
both conditions; the findings support a general view of a
neuropathological continuum across the three diseases.

3. Future directions: These data contribute to a framework
for future studies aimed at validating the contributions
of the reported vulnerable and disease-driving cell types,
dysregulated pathways, and cell-cell communication net-
works to diverse clinical outcomes in neurodegenerative

diseases.

trifuge tube, and underlain with sucrose solution (1.8 M sucrose, 3 mM
magnesium acetate, 1 mM DTT, 10 mM Tris-HCI, pH 8). Nuclei were
separated by ultracentrifugation for 15 minutes at 4°C at 107,000 g.
Supernatant was aspirated, and nuclei were washed with 1 mL nuclei
wash buffer (10 mM Tris-HCI pH 8, 10 mM NaCl, 3 mM MgCl,, 0.1%
Tween-20, 1% bovine serum albumin [BSA], 0.2 U/uL RNase inhibitor).
Resuspended nuclei were centrifuged at 300 g New insights into the
genetic etiology of Alzheimer’s disease and related dementias for 5
minutes at 4°C, and supernatant was aspirated. Nuclei were then
resuspended in wash and resuspension buffer (1X phosphate-buffered
saline, 1% BSA, 0.2 U/uL RNase inhibitor), then filtered through a
35 pm strainer. Nuclei concentrations were determined using a Count-
ess || Automated Cell Counter (ThermoFisher) and nuclei quality was
assessed at 10X and 40X magnification using an Evos XL Core Cell
Imager (ThermoFisher).

2.4 | snRNA-seq library preparation and
sequencing

snRNA-seq libraries were constructed as described previously?® using
the Chromium Next GEM Single Cell 3' GEM, Library, and Gel Bead v3.1
kit; Chip G Single Cell kit; and i7 Multiplex kit (10X Genomics) accord-
ing to manufacturer’s instructions. For each sample, 10,000 nuclei were
targeted. Library quality control (QC) was performed on a Bioana-
lyzer (Agilent) with the High Sensitivity DNA Kit (Agilent) according to
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manufacturer’s instructions and the 10X Genomics protocols. Libraries
were submitted to the Sequencing and Genomic Technologies Shared
Resource at Duke University for quantification using the KAPA Library
Quantification Kit for lllumina platforms and sequencing. Groups of
four snRNA-seq libraries were pooled on a NovaSeq 6000 S1 50 bp
PE full flow cell to target a sequencing depth of 400 million reads per
sample (Read 1 =28,i7 index = 8, and Read 2 = 91 cycles). Sequencing
was performed blinded to age, sex, and diagnosis.

2.5 | snRNA-seq data processing

Raw snRNA-seq sequencing data were converted to FastQ format,
aligned to a GRCh38 pre-mRNA reference, filtered, and counted using
CellRanger 4.0.0 (10X Genomics). Subsequent processing was done
using Seurat 4.0.1.** Filtered feature-barcode matrices were used to
generate Seurat objects for the individual samples. For QC filtering,
nuclei below the 1st and above the 99th percentile for number of fea-
tures were excluded. Nuclei above the 95th percentile for mitochon-
drial gene transcript proportion (or > 5% mitochondrial transcripts if
95th percentile mitochondrial transcript proportion was < 5%) were
also excluded. Because experiments were conducted in nuclei rather
than whole cells, mitochondrial genes were subsequently removed.
The individual sample Seurat objects were merged into one, and were
iteratively normalized using SCTransform®® with glmGamPoi, which
alleviates bias from weakly expressed genes.*® Batch correction was
performed using reference-based integration*’ on the individual sam-
ple normalized datasets, which improves computational efficiency for
integration.

2.6 |
data

Doublet/multiplet detection in snRNA-seq

Multiplets comprising different cell types (heterotypic) were excluded
from snRNA-seq data by considering the “hybrid score,” as described
previously.28 The hybrid score is calculated as (x; - x5) / X1, where x;
is the highest and x, is the second highest prediction score.*® Het-
erotypic multiplets would be expected to exhibit competing cell type
prediction scores due to the presence of transcriptomic/epigenomic
profiles from multiple cell types. Multiplets composed of one cell type
(homotypic) were identified based on the number of features per cell.
snRNA nuclei with feature counts > 99th percentile were excluded.
Removal of homotypic multiplets in this manner is expected to also aid

infiltering of heterotypic multiplets.

2.7 | Cell type and subtype cluster annotation

Cell type annotation was conducted using a label transfer method*’
and a previously annotated reference dataset from human M1. Batch-
corrected data from both our dataset and the human M1 dataset were

used for label transfer. Nuclei with maximum prediction scores of < 0.5
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were excluded. Nuclei with a percent difference of < 20% between
first and second highest cell type prediction scores were termed
“hybrid” and excluded.*® Endothelial cells and vascular leptomeningeal
cells (VLMCs) were in low abundance and did not form distinct Uni-
form Manifold Approximation and Projection for Dimension Reduction
(UMAP) clusters and were thus excluded. Proportion values of each
cell type were tested for normal distribution using the Shapiro-Wilk
normality test and found likely to be normally distributed. One-way
analysis of variance (ANOVA) was used to test for group differences
in mean cell type proportions between diagnosis groups for each major
cell type. Two-tailed t tests were used to compare differences in mean
cell type proportions between samples obtained from the BSHRI Brain
and Body Donation Program (PD samples) and the Duke Alzheimer’s
Disease Research Center (ADRC) KPBBB (NC, AD, and DLB samples).
ANOVA and t test P values for the six major cell types were then
adjusted for multiple testing using the Benjamini-Hochberg false dis-
covery rate (FDR) method. After principal component analysis (PCA),
dimensionality was examined using an elbow plot and by calculating
variance contribution of each principal component (PC). UMAP was
then run using the first 30 PCs, and nuclei were clustered based on
UMAP reduction. The resolution levels for cluster delineation were
selected after comparison of a range of values as it was determined
to provide optimal distinction between populations of nuclei display-
ing unique gene expression profiles as evidenced by their separation
from one another in UMAP space. Counts of predicted major cell types
based on the label transfer were examined for each of the clusters, and
clusters were manually annotated based on the majority cell type for
each cluster (e.g., “Exc1,” “Exc2,” etc.). Proportions of nuclei belonging
to each cell type were calculated for each donor sample by divid-
ing the number of nuclei annotated with a particular cell type by the
total number of nuclei from that sample in the dataset. Where noted,
clusters were also subsequently annotated using the scMayoMap*?
R package.

2.8 | Human M1 reference data processing

To optimize label transfer, we re-processed previously published
human primary motor cortex (M1) snRNA-seq data®® to map it to
GRCh38 Ensembl 80 as we did with our data.?® FastQ files were
obtained from the Neuroscience Multi-omic Data Archive (NeMO:
https://nemoarchive.org/) and were aligned to the same GRCh38
pre-mRNA reference used for our data, filtered, and counted using
CellRanger 4.0.0 (10X Genomics). Filtered feature-barcode matrices
were used to generate separate Seurat objects for each sample, with
nuclei absent from the annotated metadata excluded. Seurat objects
were merged and iteratively normalized using SCTransform*> with
glmGamPoi. Batch correction was performed using reference-based
integration®” on the normalized datasets. The 127 transcriptomic cell
types in this data were grouped into eight broad cell types, including
astrocytes, endothelial cells, excitatory neurons, inhibitory neurons,
microglia, oligodendrocytes, oligodendrocyte precursor cells (OPCs),
and VLMCs.


https://nemoarchive.org/
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2.9 | Covariate selection for differential analyses

Prior to differential analysis, as previously described,?® we estimated
the impact of multiple technical variables as well as donor-level char-
acteristics separately for the snRNA-seq experiments (Table S1). Read
counts were summed for all nuclei in each donor sample, resulting in
only one expression value per sample per gene, as all nuclei from a par-
ticular donor would have identical donor characteristics. Genes with no
expression for > 20% of samples were subsequently removed, and all
values were mean-centered and scaled prior to covariate analysis. PCA
was then performed for genes using prcomp in R. We then carried out
linear regression using glm in R for PCs explaining > 10% of the vari-
ability in global expression on both nuclei- and donor-specific metadata
variables to identify factors that should be included as covariates in
differential analyses. Specifically, we selected the variable most asso-
ciated (surpassing Bonferroni correction for multiple testing, g < 0.05)
with PC1 (or alternatively, the PC explaining the most variability) and
regressed all genes on the associated variable to obtain gene resid-
uals that are adjusted for its effect. We then performed PC analysis
on the gene residuals, and in an iterative process, repeating the above
steps until no additional metadata variables were associated with
global expression (g < 0.05). After this process, age, sex, PMI, num-
ber of nuclei after QC filtering, median genes per cell, and average
library size were selected as covariates for differential expression gene

analysis.

2.10 | Cell-type proportion comparisons

To assess the selective loss of neuronal subtypes in each NDD,
we performed a depletion analysis using a beta regression model
implemented in the glmmTMB package in R. The proportion of
each neuronal subtype within each sample was calculated, and the
association between the proportion and disease status was exam-
ined while adjusting for potential confounding variables such as
age, sex, PMI, and the number of nuclei after filtering. The signif-
icance of the depletion was determined based on the Benjamini-
Hochberg (FDR) adjusted P values derived from the beta regression

model.

2.11 | Marker gene identification

To identify genes differentially expressed between depleted neuronal
subtypes in each disease condition, we used the FindMarkers func-
tion from the Seurat package. The analysis was performed using a
likelihood-ratio test, adjusting for latent variables including age, sex,
PMI, and the number of nuclei after filtering. The gene expression
comparison was made between the depleted neuronal subtypes in
the disease samples and their corresponding subtypes in the con-
trol samples. Genes with a Benjamini-Hochberg (FDR) adjusted P
value < 0.05 were considered significantly differentially expressed.
The differentially expressed genes (DEGs) were further categorized

into upregulated and downregulated genes based on their average log2
fold change.

2.12 | Differential expression analysis

To identify DEGs at both the cell type and subtype levels between sam-
ples within our snRNA-seq dataset, we used the NEBULA algorithm.>?
Specifically, the NEBULA-HL method was used as this process is
optimized for estimating both nucleus-level and donor-level data
overdispersions.>>>2 Prior to running NEBULA, for each cell type and
cluster, genes expressed in < 10% of cells in either group (PD or
Normal) were filtered out. Age, sex, PMI, number of nuclei after QC fil-
tering, median genes per cell, and average library size were included as
fixed effects for NEBULA and sample donor ID was included as a ran-
dom effect. Benjamini-Hochberg (FDR) correction for multiple testing
was applied at the gene level to NEBULA-derived P values. Adjusted P

values < 0.05 were deemed significant.

2.13 | Vulnerable cell type identification

For each broad cell type in each disorder, DEGs were identified using
the NEBULA algorithm as described above. GWAS-associated genes
for each disorder were obtained from published studies, considering
genes located within 500 kilobases upstream or downstream of the
GWAS single nucleotide polymorphism chromosome locus. To create
gene sets representing the convergence of genetic risk factors and
cell type-specific dysregulation, we intersected the GWAS-associated
genes with the DEGs identified for each broad cell type in each dis-
order. The resulting gene sets were considered the putative driving
forces or risk factors for the corresponding disorder. The vulnerabil-
ity of each cell subtype to the disorder-specific gene sets was assessed
using the AUCell package in R. For each cell subtype in each disorder,
the following steps were performed:

1. The scRNA-seq data were subsetted to include only the cells
belonging to the specific cell subtype.

2. The gene expression matrix was normalized and log-transformed.

3. The AUCell algorithm was applied to calculate the enrichment of
the disorder-specific gene set in each cell, resulting in an area under
the curve (AUC) score for each cell.

4. Cells were assigned to a “vulnerable” or “non-vulnerable”
group based on the AUC score threshold determined using

the AUCell_exploreThresholds function.

To identify marker genes associated with the vulnerable cell sub-
types, differential gene expression analysis was performed using the
FindMarkers function in Seurat. The analysis was conducted between
the vulnerable and non-vulnerable cells within each cell subtype,
controlling for potential confounding variables. Genes with an FDR-
adjusted P value < 0.05 were considered significantly differentially

expressed and were classified as marker genes.
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2.14 | Differential cell-to-cell communication

To investigate the role of cell-cell communication in the progres-
sion of NDDs, we used CellChat, an R package for inference and
analysis of intercellular communication networks from scRNA-seq
data.>® CellChat integrates scRNA-seq data with a curated database
of ligand-receptor interactions to quantify communication probabil-
ities between cell populations and identify significant interactions.
For each disease-normal pair, we created separate CellChat objects
using the normalized data matrix and cell type annotations. We then
applied CellChat functions to identify overexpressed genes and inter-
actions, compute communication probabilities, and filter interactions.
The inferred communication networks were stored in the CellChat
object. To visualize the differences in cell-cell communication between

disease and normal conditions, we used CellChat’s plotting functions.

2.15 | Biological pathway enrichment analysis

To understand the biological significance of gene sets derived from
differential expression analyses, we used the Metascape®* algorithm
(https://www.metascape.org). The gene set of interest was input as the
target gene list, and the total set of genes examined in the correspond-
ing differential expression analysis was input as the background gene
list. Gene Ontology (GO) terms were considered significantly enriched
with afold enrichment of at least 1.5 and an FDR-corrected enrichment
P value < 0.01. To group the enriched Metascape output GO terms into
broader biological categories, kappa similarities were determined for
each pair of enriched GO terms, forming trees of hierarchical associ-
ations between terms, which were then used to delineate clusters of
related terms. We then qualitatively assigned a major functional cate-
gory label to each cluster based on assessment of common biological
processes represented by the clustered GO terms.

2.16 | Genome version and coordinates
All genomic data and coordinates are based on the December 2013
version of the genome: hg38, GRCh38.

3 | RESULTS

3.1 | Annotation of cell types and subtypes in the
human TC of individuals with AD, DLB, PD, and
neurologically normal controls

Nuclei were isolated from frozen post mortem human TC tissues of
12 NC donor individuals with no NDD diagnosis or pathological signs,
and 12 donors each with diagnoses and corresponding post mortem
pathology of AD, DLB, and PD. Each diagnosis group comprised six
females and six males (Table S1 summarizes the demographic and

THE JOURNAL OF THE ALZHEIMER’'S ASSOCIATION

neuropathological phenotypes). snRNA-seq was carried out on pre-
pared gene expression libraries. After QC filtering, expression data
for nuclei from all four diagnosis groups were integrated, and data
from 396,867 nuclei were retained across all four groups (Table S1).
Nuclei were then annotated according to major brain cell types by
label transfer®” from a pre-annotated reference snRNA-seq dataset.>>
These included 19,962 astrocytes, 92,322 excitatory neurons, 44,807
inhibitory neurons, 25,926 microglia, 196,448 oligodendrocytes, and
17,402 OPCs. Other cell types including endothelial cells and vascu-
lar and leptomeningeal cells made up < 1% of the total cell population
and were therefore excluded from the dataset in downstream analyses.
Mean proportions of each cell type were found not to differ signif-
icantly among the four diagnosis groups (Figure S1A in supporting
information), nor between samples obtained from the BSHRI and the
Duke ADRC (Figure S1B). Overall, nuclei from individual donor samples
of all diagnosis groups showed qualitatively similar distribution to one

another across major cell types (Figure S2 in supporting information).

3.2 | Vulnerable neuronal types depleted in NDDs
compared to neurologically normal controls

AD, DLB, and PD are characterized by the progressive loss of neurons
inthe brain. To characterize the specific neuronal types that are vulner-
able in the TC of each pathology, we performed a comparison analysis
of cell-type proportions for each NDD versus NCs, restricted to nuclei
annotated as excitatory or inhibitory neuronal cells. Expression data
for neuronal NC cells were separately integrated with neurons of each
NDD. Integrated neuronal cells were then divided into numbered cell
subtype clusters, with 30 neuronal subtype clusters for AD, 29 clusters
for DLB, and 26 clusters for PD (Figure 2A). Examination of expres-
sion of markers for specific neurotransmitter types among neuronal
cell types of each NDD showed the presence of only glutamatergic
cell types among excitatory neuron clusters, and GABAergic cell types
among inhibitory neuron clusters (Figure S3A in supporting informa-
tion). We then performed a depletion analysis using a beta regression
model and calculated the proportion of nuclei from a particular donor
sample within each neuronal subtype cluster compared to the total
neuronal nuclei for the same sample, and compared the proportions
between NDD and NC donors. The results identified four vulnera-
ble neuronal subtypes significantly depleted across the three NDDs
(Figure 2A). Two of these were identified in AD, including one exci-
tatory neuron subtype, AD-Exc7 (Padj= 6.46e-5), and one inhibitory
neuron subtype, AD-Inh10 (Padj: 1.90e-5). In DLB, we identified one
depleted inhibitory neuron subtype, DLB-Inh10 (P,q;= 1.65e-15), and
in PD one depleted inhibitory neuron subtype, PD-Inhé (Pyy; = 8.53e-
7). Of note, the analysis demonstrated that the same inhibitory neuron
subtype is depleted in both AD and DLB.

To characterize the unique transcriptional patterns in the context
of disease of each of these depleted subtypes compared to subtypes
that were not depleted, we used a likelihood-ratio test to identify

DEGs between each depleted cluster and the other clusters of the
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(A) Neuronal clusters depleted in NDDs
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(B) Gene markers from comparisons between depleted cell subtypes and other subtypes in the same cell type
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(D) Top positive and negative markers of depleted cell subtypes

AD-Exc17

a \DRA1A )
donan @,
GRMS N

[:] Positive markers @ Positive GWAS markers

AD-Inh10

[:] Negative markers @ Negative GWAS markers

DLB-Inh10

PD-Inh6

’ e

)
iption factor

L

z87820 287820
Glureceptor Transcription factor Transcription factor |
—-‘-— comz0 g g Coortas THSD7B
R Cell adhesion AMP signaling CAMP signaling ctin organization
———— myo16 : i sorcs1 g TRHDE
Myosin Translation Vesicle trafficking 3 Proteolysis
4l S—— ROBO2 * PRR16 PTPRK
o id: Vesicle trafficking Translation . Cell adhesion
T GRIKZ LINCO1470 GRML
B Glu receptor B Noncoding RNA . Noncoding RNA . Glu receptor
’ ERG FIGN 50X2:0T NCAMZ
factor i Noncoding RNA k Cell adhesion
) ESRRG g KENT2 SORCs3 FON2
§ Estrogen receptor | Action potential Vesicle trafficking . INcuron activation
- coL21a1 - sox2-0T @’ iDL s _ GRiD2
g, Collagen a-chain | 3 Noncoding RNA E Mitochondrial org. | Z fGlu receptor
2 KCNNZ 2 sorcs1 2 KeNT2 Fa sPONL
LR Action potential ) 5 , esicle traffcking ) § ctionpotential /S Cell adhesion
[ locs-scHiPL 8 KIAA1217 g’ | zmars |8 oPP10
g, Axonfunction | &, Dendritic morph. | &, Neuron protection | 5. [Action potential
= = 10C)-SCHIPL ul 10C)-SCHIPL w A 2ZNF536
21 Cell adhesion b! | Axon function Axon function Neuron dev.
B [y > DPPE 2
g Cell adhesion Action potential Action potential 1 Neuron dev.
Tara2 A comi3 :
Neurokine Cell migration Cell adhesion Cytoskeletal org
g AR1217 NRGL
Cell adhesion ell adhesion [Dendritic morph. s Neuron dev.
GALNTLE ¢ 506 3 S0X6
4 Golgi function 4 g 1 [Neurogenesis k! Neuron dev.
KCTD16 DPP10 oPP10 g |ADAMTS9-AS2
GABA response | Action potential Action potential 1 Noncoding RNA
oce NXPHL * KIRREL3
Axon guidance Cell adhesion Celladhesion ) Cell adhesion
: GRIAG. GRIKL. i GRIKL ADARB2
3 Lclurecepror ) 1 Glu rece, 1 Glu receptor RNA processi
THSD7A () | PTCHD. . MGATAC 2 Rams.
Cell migration dev. Glycosylation Transcription

Depleted Undepleted

Depleted

Undepleted Depleted Undepleted

Depleted Undepleted

FIGURE 2 Characterization of vulnerable depleted cell subtypes in each NDD. A, Uniform Manifold Approximation and Projection for
Dimension Reduction plots of neuronal nuclei of each NDD integrated with NC nuclei. Smaller plots are color coded to indicate excitatory neurons
(Exc) and inhibitory neurons (Inh). Larger plots are color coded to indicate cell subtype clusters. Depleted clusters are circled in red and labeled. B,
Unbiased volcano plots for depleted cell subtype clusters. Log2 fold change (FC) between depleted cluster nuclei and other nuclei of the same
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same annotated cell type (i.e., excitatory or inhibitory neurons), adjust-
ing for the latent variables age, sex, PMI, and the number of nuclei
after filtering. The comparison was made between the depleted neu-
ronal subtypes and non-depleted subtypes in the disease samples only.
DEGs (FDR-adjusted P value < 0.05) were further categorized into pos-
itive (upregulated) and negative (downregulated) genes based on their
average log, fold change (Figure 2B, Tables S4-S7 in supporting infor-
mation). Strikingly, comparison of positive and negative marker genes
across all three depleted inhibitory neuron clusters revealed > 97%
marker gene identity between clusters AD-Inh10 and DLB-Inh10. Fur-
thermore, cell barcode comparison revealed that > 99% of the same
NC neuronal cells were present in both clusters, strongly indicating
that the two clusters represent the same neuronal subtype, depleted
in both AD and DLB. Examination of expression of canonical inhibitory
neuron markers used in previous studies®¢-¢°
types of all NDDs showed the depleted Inh clusters of AD and DLB to
be distinguished from other subtypes by strong co-expression of VIP,
TAC3, PROX1, CNR1, and TSHZ2, as well as low expression of STXBPS,
LHX6, CUX2, and PHACTR2, among other marker genes (Figure S3B). In

contrast, no cell type with a comparable canonical marker expression

among inhibitory sub-

signature was identified among PD inhibitory neuron clusters.

To better understand the biological significance of differential gene
expression in the vulnerable neuronal clusters, we examined enrich-
ment of particular biological pathways among positive and negative
markers of each depleted subtype,”* and generated networks of
enriched pathways grouped by shared gene membership (Figure 2C).
For all depleted clusters, we primarily found common DEGs asso-
ciated with functional categories relating to neuronal development
and organization (e.g., neuron projection development, axon guidance),
synaptic structure (e.g., presynapse, postsynapse, cell-cell adhesion),
and synaptic transmission (e.g., regulation of membrane potential,
monoatomic ion channel complex, synaptic protein-protein interac-
tions), suggesting that nuances of neuron organization and synaptic
function play an important role in determining susceptibility to neu-
rodegeneration.

Examining specific positive and negative marker genes with the
most strongly altered (largest fold-change) gene expression in vul-
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nerable neuronal subtypes (Figure 2D), we found that in AD-Exc7,
glutamate receptor-encoding genes GRM8 and GRIK2 were among the
most strongly upregulated, while the glutamate receptor gene GRIA4
was among the most strongly downregulated. The cadherin-encoding
gene CDH20, regulating cell-cell adhesion, was also strongly upregu-
lated, while the cadherin genes CDH? and CDH12 were downregulated,
as was PTPRK, also involved in cell adhesion. To identify marker genes
more likely to be involved in driving NDD pathology, we defined genes
proximal (within 500Kb) to GWAS-identified risk loci for a particu-
lar NDD as “GWAS genes.” Based on GWAS-identified risk loci for
AD,011 the adrenergic receptor gene ADRIA was the most strongly
upregulated AD-GWAS gene marker for AD-Exc7, while the cell migra-
tion regulatory gene THSD7A was the most strongly downregulated
AD-GWAS gene marker.

As noted, depleted subtypes AD-Inh10 and DLB-Inh10 largely
shared the same marker genes. The strongest positive markers for both
these types included the transcription factor (TF) gene ZBTB20, trans-
lational regulator PRR16, and SORCS1 and SORCS3, both involved in
vesicle trafficking and likely playing a role in synaptic transmission. The
most strongly upregulated AD-GWAS gene marker was EGFR, involved
in cell migration, while the most strongly downregulated AD-GWAS
gene marker was PTCHD4, involved in neuronal development. Based
on GWAS-identified risk loci for DLB,1>6 the most strongly upregu-
lated DLB-GWAS gene marker was the TF-encoding FOXN3, while the
most strongly downregulated DLB-GWAS gene was MGAT4C, involved
in protein glycosylation.

The subtype depleted in PD, PD-Inhé, showed marked upreg-
ulation of glutamate receptor genes GRM1 and GRID2, as well as
cell adhesion-regulating genes NCAM2 and SPON1, while down-
regulation of several developmental genes was observed, including
ZNF536, VWC2, NRG1, and ZNF804A. Notably, the most strongly
upregulated PD-GWAS gene marker (based on GWAS-identified
risk loci for PD!3) for this cluster was SNCA, suggesting that
overexpression of the SNCA gene correlates with vulnerability
to neurodegeneration in PD. The most strongly downregulated
PD-GWAS gene marker was the transcriptional regulatory gene
RBMS3.

major cell type is plotted against -log10 P value (FDR). Points representing DEGs with statistically significant (FDR < 0.05) upregulation in NDD
are shown in dark red while DEGs with significant downregulation are shown in dark blue. Genes without significantly differential expression are
shown as gray points. The three DEGs with the highest absolute fold change (log2FC > 0.2) in the up- and downregulated categories are labeled in
dark red and dark blue, respectively. The three DEGs within 500 kb of NDD-associated single nucleotide polymorphisms previously identified in
GWAS (GWAS-DEG) with the highest absolute log2FC in the up- and downregulated categories are labeled in bright red and bright blue,
respectively. C, Metascape network plots of biological pathways enriched among genes upregulated (positive markers) and downregulated
(negative markers) within depleted cell subtypes compared to cell subtypes of the same major cell type that were not depleted. Nodes represent
specific biological pathways clustered by shared gene membership. Clusters with similar biological function are color coded and labeled according
to general function. Node sizes are proportional to the number of differential-interacting genes in the pathway, and line width connecting nodes is
proportional to shared gene membership in linked pathways. D, Violin plots of log-normalized count data showing expression of the GWAS-DEGs
(bordered in pink and light blue) and 9 overall DEGs (bordered in red and dark blue) with the highest absolute fold change in depleted clusters
compared to clusters of the same major cell type that were not depleted. Basic functional category information is indicated for each gene. AD,
Alzheimer’s disease; DEG, differentially expressed gene; DLB, dementia with Lewy bodies; FDR, false discovery rate; GWAS, genome-wide
association study; NC, normal control; NDD, neurodegenerative disease; PD, Parkinson’s disease.
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3.3 | Characterization of disease-driver cell
subtypes with enriched expression of
GWAS-identified risk genes

We sought to identify cell subtypes that were potentially impor-
tant for conferring risk of each NDD, hereafter disease-driver cell
types, based on increased expression of GWAS genes. First, we inte-
grated, annotated, and clustered nuclei of each NDD with NC nuclei
as described above, except that in this case nuclei of all cell types,
including astrocytes (Astro), excitatory neurons (Exc), inhibitory neu-
rons (Inh), microglia (Micro), oligodendrocytes (Oligo), and OPCs were
included rather than neuronal nuclei alone. This resulted in delineation
of 32 cell subtype clusters in AD, 32 clusters in DLB, and 35 clus-
ters in PD (Figure 3A). We next examined each subtype for enriched
expression of GWAS genes using AUCell.¢1 This program compares
expression of a defined gene set (i.e., GWAS proximate genes) to total
genes expressed in each nucleus, and determines whether the gene
set is expressed in a significantly higher proportion than would be
expected by chance. We defined a cluster as a disease driver if > 99%
of nuclei showed significant enrichment for GWAS gene set expres-
sion. In this way, we identified one disease-driver oligodendrocyte
cluster in AD (AD-Oligo3), four disease-driver excitatory neuron clus-
ters (DLB-Exc1, 5, 8, 10) and two inhibitory neuron clusters (DLB-Inh1,
2) in DLB, and four disease-driver excitatory neuron clusters in PD
(PD-Exc4, 5, 6, 7; Figure 3A, B). Thus, both DLB and PD produced mul-
tiple neuronal cell types that were implicated as disease drivers, while
in AD only a single oligodendrocyte disease-driver cell subtype was
identified.

To understand the potential functional significance of risk genes
expressed in these disease-driver clusters, we performed marker gene
analysis as above, comparing gene expression in disease-driver clus-
ters of a particular cell type to all of the other clusters of that same cell
type in NDD nuclei (Tables S8-S11 in supporting information). We then
examined biological pathway enrichment among GWAS genes upreg-
ulated in each set of disease-driver cell types. Finally, we clustered
enriched pathways based on common gene membership (Figure 3C).
In the disease-driver oligodendrocyte cluster of AD, AD-Oligo3, we
found enrichment of numerous pathways relating to endosomal vesicle
trafficking (specific strongly upregulated genes relating to this path-
way, including SORL1, MYO1E, and PACS2 [Figure 3D]), cytoskeletal
organization (e.g., HYDIN, TANC2, STRN), and regulation of proteoly-
sis (e.g., ADAMTS4) and apoptosis (e.g., DAPK2, TNFRSF21). Notably, we
also observed strongly inhibited expression of the major AD risk fac-
tor gene BIN1 in this cell type (Table S8). In disease-driver excitatory
neuron clusters of DLB, we identified enrichment of pathways relat-
ing to synaptic organization and transmission (e.g., KCNN3, SLC29A4,
C1QL2), cell adhesion (e.g., PCDH8), transmembrane transport (e.g.,
SLC2A12, MSFD4A, ATP7B), DNA damage response (e.g., CDC14B), and
proteolysis. Among disease-driver inhibitory neurons in DLB, we found
enrichment of pathways relating to synaptic transmission (e.g., ATP2B2,
CPLX1, KCNC1, SCTR), autophagy, proteolysis (e.g., UBE3A), and DNA
damage response (e.g., CDC148, FBXO31). In disease-driver excitatory

neurons of PD, we found enrichment of risk genes involved in synap-
ticorganization and transmission (e.g., SNCA, CAMK2D, RIMS1,SH3GL2,
TMEM163,SYT17, KCNK10), autophagy, phospholipid metabolism, and
homologous recombination. It is notable that as for the PD-depleted
neuron cluster above, SNCA was also among the top upregulated
GWAS genes within PD-disease driver neuron clusters.

3.4 | Altered cell-to-cell communication pathways
in NDDs

Next, we aimed to investigate changes in interactions between dif-
ferent cellular subtypes associated with each of the three NDDs. To
accomplish this, we used the same integrated datasets of NC nuclei and
nuclei of each NDD used above for analysis of disease-driver subtypes.
We analyzed expression of known interacting ligands and receptors in
each of the subtype clusters to identify pairs of subtypes with likely
communication using CellChat.>® Predicted interactions were then
compared between NC and NDD nuclei to identify disease-associated
changes in cell-cell communication. Comparisons were made regard-
ing relative strength of interactions between cell subtypes based on
changes in gene expression levels between NC and NDD nuclei of the
same subtype.

Changes in interaction strength were varied across the three NDDs
(Figure 4A, Figure S4 in supporting information). In AD, such changes
were overall split between increased and decreased communication
among different cell types, with both large increases and decreases
observed among the top 10% of altered cell type interactions. The cell
types with the largest increases ininteraction strength included several
excitatory neuron subtypes, AD-Exc1, 3, and 4, and inhibitory neu-
ron subtype AD-Inh1, as well as oligodendrocyte subtypes AD-Oligo1
and 4. All these cell types showed primarily increased communication
with neuronal subtypes. In contrast, decreased interaction strength
was observed in astrocyte cluster AD-Astro1, excitatory neuron clus-
ter AD-Exc2, and OPC cluster AD-OPC1, all of which showed reduced
communication with one another as well as with several neuronal and
oligodendrocyte subtypes. In DLB, by contrast, overall changes pri-
marily showed decreases in interaction strength. Among the strongest
effects, subtypes DLB-Astrol; DLB-Exc1, 3, 5, and 6; DLB-Inh1, 2,
3, and 4; DLB-Oligo1 and 5; and DLB-OPC1 showed reduced com-
munication strength mainly with one another. However, subtypes
DLB-Oligo1, 2, 3, 4, and 6 showed increased communication with one
another as well. In PD, overall decreased interaction strength was also
observed, with the strongest decreases found between the cell types
PD-Astrol and 2; PD-Exc1, 2, 3, 5, and 6; PD-Inh2 and 4; PD-Oligo1;
and PD-OPC1. Increased interaction strength in PD was observed
for clusters PD-Oligo2 and 4, primarily regarding other oligodendro-
cyte clusters. Overall, the results demonstrated increased interaction
strength in AD driven primarily by excitatory neurons and oligoden-
drocytes, but decreased interaction strength in DLB and PD, driven
primarily by both inhibitory and excitatory neurons, as well as oligo-

dendrocytes. Thus, changes in cell-cell communication strength in DLB
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(A) Clustering of nuclei and identification of disease-driver celltypes

AD

DLB

Exc10,

Oligos, : "
o E€10 Pass Threshold inny €
20 Mgt . ‘w } . ° True e )
=B s
RO ® g g ’
~ A hd ! o
% o (z 'E‘“& : - & g 3 ° I% "
3 wig WL o, . A S e g
" P xd -
\ § - e
% o g
2 i " s
20 © & a | AD-Oligo3 g £ * ! "™ Gecs =
[ o P ¥
o4
i > 3 <30 20 0 20
= I,"MA,_I e UMAP_1

Pass Threshold
* False
* True

DLB-Exc10
%

L8-Exc5 )

&

Alzheimer’s &Dementia® | 11024

THE JOURNAL OF THE ALZHEIMER'S ASSOCIATION

A 2 Pass Threshold
hﬂi& * False
Astrod T
o5 . rue
|G o el

g0 "¢
il e g
Deoexed |

(B) Numbers of nuclei with enriched GWAS risk gene expression by cluster
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(C) Biological pathway enrichment of disease-driver cluster marker GWAS genes
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(D) Expression of top upregulated disease-driver cluster marker GWAS genes
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and PD closely resembled one another, while patterns in AD were
more distinct.

To get new insights into the biological significance of cell-cell com-
munication in the three NDDs, we examined the biological pathway
associations of the genes involved in altered communication between
each pair of cell subtypes using Metascape. Pathways enriched among
genes associated with the top AD-increased interactions related pri-
marily to cell growth, development, and morphology, as well as DNA
damage response, stress response, and G protein-coupled receptor
(GPCR) and kinase signaling (Figure 4Bi). The pathways enriched
among AD-increased interactions across all cell types notably dif-
fered between neuron-to-neuron interactions and oligodendrocyte-
to-neuron interactions (Figure 4Bii). Pathways strongly enriched
among all interaction types were associated with cell growth and mor-
phogenesis, and GPCR and tyrosine kinase receptor signaling, while
interactions more strongly enriched in neuron-to-neuron interactions
related specifically to nerve morphogenesis and organization, includ-
ing axon guidance, nerve development, semaphorin signaling, and
neurotrophin signaling.

In DLB, interaction strength was overall reduced compared to
NC nuclei, and pathways enriched among genes associated with the
top DLB-decreased interactions related primarily to cell growth and
development, immune response signaling, and calcium homeostasis
(Figure 4Ci). Pathway enrichment was strongest in DLB-decreased
communications involving the Exc1 and Exc3 excitatory neuron sub-
types as the transmitting cell type, with a wide variety of receiving
cell types (Figure 4Cii). Pathways enriched specifically in these types
of interactions related to cell growth and proliferation, cell morpho-
genesis, and the oxidative stress response. Pathways enriched among
all interacting cell types additionally included calcium ion homeosta-
sis, immune response signaling, chemotaxis, proteolysis, and general
kinase signaling.

In PD, interaction strength was also reduced overall. Pathways
enriched among genes associated with the top PD-decreased inter-
actions again related to cell growth and development, and to axon
guidance and neuronal organization, synaptic membrane structure,
and regulation of apoptosis (Figure 4Di). Some specific pathways were
most often enriched in PD-decreased communications in which neu-
ronal subtypes were the transmitting cell type, including PISK/AKT
growth signaling, cyclic adenosine monophosphate signaling, and
endocrine hormone signaling (Figure 4Dii). Many pathways involved in
growth and development were enriched across all interaction types,

as were pathways associated with regulation of apoptosis, cell adhe-

sion, synaptic membrane organization, and enzyme-linked receptor
signaling.

Next, to organize altered cell-to-cell communication networks with
regard to the specific cell types involved, individual pairs of interact-
ing proteins in NDD and NC nuclei were grouped by association with
particular biological pathways, and each of these pathway groups were
further clustered based on the particular cell subtypes in communi-
cation, after PCA (Figure S5A in supporting information). This led to
the identification of four communication clusters each in AD and DLB,
and five clusters in PD. In AD and PD; each cluster contained a quali-
tatively even distribution of pathways from both NC and NDD nuclei.
However, in DLB, cluster 1 was entirely composed of communication
pathways identified in NC nuclei, while cluster 3 was heavily dominated
by pathways identified in DLB nuclei, suggesting the development of
distinct cell-to-cell communication networks in the context of DLB
(Figure S5B).

3.5 | Shared patterns of differential gene
expression among NDDs

To identify commonalities in gene dysregulation among NDDs, we
integrated snRNA-seq data from nuclei of all three NDDs and NC
nuclei for each of the six major cell types and grouped these into
cell subtype clusters as described above. Next, we further anno-
tated these clusters as more specific predicted cell types using the
scMayoMap*? software package (Figure 5A), and used the NEBULA>!
software package to perform differential gene expression analysis
between NC nuclei and those of each NDD at the cell subtype level.
Across all three NDDs, the highest numbers of DEGs were identified
in inhibitory neuron subtypes, and the majority were downregu-
lated (Figure 5B). Most excitatory neuron and astrocyte clusters in
AD exhibited primary gene downregulation, while, in DLB and PD
both upregulated and downregulated DEGs were detected in those
clusters. On the other side, microglia showed mixed up- and down-
regulation in AD, but predominantly upregulation in DLB and PD
in most subtypes. OPC subtypes showed both up- and downregu-
lation DEGs within each NDD. Oligodendrocytes were also varied,
with mixed distribution of up- and downregulation in AD, predom-
inant upregulation in DLB, and predominant downregulation in PD.
Notably, SNCA was upregulated in DLB in four separate oligoden-
drocyte clusters (Oligo1, 3, 5, and 10), but not in oligodendro-

cyte clusters of PD, suggesting a potentially important function in

pathways enriched among GWAS genes upregulated within disease-driver cell subtypes compared to cell subtypes of the same major cell type that
were not enriched for GWAS gene expression. Nodes represent specific biological pathways clustered by shared gene membership. Clusters with
similar biological function are color coded and labeled according to general function. Node sizes are proportional to the number of
differential-interacting genes in the pathway, and line width connecting nodes is proportional to shared gene membership in linked pathways. D,
Violin plots of log-normalized count data showing expression of the GWAS-DEGs with the highest positive fold change in disease-driver clusters
compared to clusters of the same major cell type that were not disease-driving. Basic functional category information is indicated for each gene.
AD, Alzheimer’s disease; DEG, differentially expressed gene; DLB, dementia with Lewy bodies; FDR, false discovery rate; GWAS, genome-wide
association study; NC, normal control; NDD, neurodegenerative disease; PD, Parkinson’s disease.
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FIGURE 4 Differential interaction strength between cell subtypes in NDDs versus normal nuclei. Ai, CellChat heatmaps showing degree of
overall change in interaction strength between all pairs of cell subtypes for each NDD. Red indicates increased interaction in NDD, blue indicates
decreased interaction. Aii, CellChat network diagram showing cell types with the highest differential interaction strength based on fold change in
receptor-ligand expression in NDD nuclei compared to NC. Lines between cell types indicate significantly altered interaction, with red lines
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oligodendrocytes for this key synucleopathy gene specifically in the
context of DLB.

Next, for each cell subtype, we catalogued the shared up- and
downregulated DEGs across all three NDDs (Figure 5C). As expected,
inhibitory neuron subtypes exhibited the highest number of DEGs and
almost all were downregulated. The Interneuron 2 inhibitory neuron
subtype exhibited the highest number of shared downregulated DEGs
(5570; Figure 5D, Table S12 in supporting information), followed by the
GABAergic neuron 1 subtype (3898; Figure 5E, Table S13 in support-
ing information). Additionally, ~ 900 downregulated DEGs were shared
between each pair of pathologies in Interneuron 2 (984 for AD and
PD, 941 for AD and DLB, 876 for DLB and PD; Figure 5Di). Similarly,
GABAergic neuron 1 also exhibited additional shared DEGs between
each pair of NDDs (4713 for AD and PD, 423 for AD and DLB, 102 for
DLB and PD; Figure 5Ei). Micro 10 had the highest number of shared
upregulated DEGs (248; Figure 5F, Table S14 in supporting informa-
tion). Examination of overlap between each pair of pathologies in Micro
10 identified the largest number of shared upregulated DEGs (476)
between DLB and PD, and fewer shared DEGs between the other pairs
(48 for AD and DLB, 33 for AD and PD; Figure 5Fi). In contrast, other
major cell types shared only a relatively small number of DEGs. Over-
all, these results suggested that the common dysregulated pathways
across NDDs are mainly found in inhibitory neurons.

Thus, we next analyzed the enrichment of biological pathways
among shared downregulated DEGs in the Interneuron 2 and GABAer-
gic neuron 1 subtypes. As these are pathways enriched among down-
regulated DEGs, they may reflect impaired biological pathways. In the
Interneuron 2 subtype, we identified enrichment of pathways related
to synaptic vesicle transport, mitochondrial function, oxidative phos-
phorylation, autophagy, proteolysis, and RNA processing (Figure 5Dii).
These functional categories were also identified in the analysis of the
top enriched individual pathways (Figure 5Diii). Specific genes that
were strongly downregulated in all three NDDs included the TF gene
ETV5, associated with the response to oxidative stress and the cell
growth regulator gene NELL1, as well as the AD-GWAS gene CBLN4,
involved in synapse organization; the DLB- and PD-GWAS gene DPM3,
involved in endoplasmic reticulum (ER) function; and the autophagy-
associated PD-GWAS gene RNASEK (Figure 5Div). The respective DLB-
and PD-GWAS genes NEK5 and TIMP2, both involved in regulation of
proteolysis, were strongly downregulated in both DLB and PD.

In the GABAergic neuron 1 subtype, the identified enriched path-
ways based on shared downregulated DEGs were overall similar to
those of Interneuron 2 (Figure 5Eii), including aerobic respiration and
respiratory electron transport, translation, metabolism of RNA, and
mitochondrion organization (Figure 5Eiii). ETV5 and DPM3 were again
among the most highly downregulated genes in all three NDDs, as
was the AD-GWAS gene VGF, involved in regulation of neuroplasticity,
and the AD- and PD-GWAS GABA-receptor interacting gene GABARAP
(Figure 5Eiv). Developmental regulator WNT3, a GWAS gene for both
AD and PD, was also highly downregulated in those two NDDs.

Similarly, we analyzed pathway enrichment in upregulated DEGs
of the Micro10 subtype, plausibly indicating activation of biological
pathways. The results demonstrated enrichment for growth and devel-
opmental pathways, as well as pathways associated with leukocyte
activation, cell cycle regulation, DNA damage response, chromatin
organization, and cytoskeletal organization (Figure 5Fii). The strongest
enriched individual pathways included chromatin organization, growth
factor signal transduction, receptor tyrosine kinase signaling, and
NOTCH1 signaling (Figure 5Fiii). The TF genes ELF2 and MAML3, and
the deubiquitinase gene USP3, all AD-GWAS genes, and the transcrip-
tional regulator PD-GWAS gene LCORL were among the most strongly
overexpressed DEGs across all three NDDs, as were the actin motor
gene MYO9B, and the cell growth signaling gene PTPRC (Figure 4Fiv).
The gene DOCK2, involved in chemokine-responsive cytokinesis, was
strongly upregulated in both AD and DLB, while the DLB-GWAS gene
SLCO2B1, also involved in cell growth signaling; the steroid trans-
port gene CYB5R4; the PD-GWAS gene DISC1, regulating neuronal
development; and the ER monooxygenase gene TBXAS1, were strongly
upregulated in both PD and DLB. In summary, we observed high num-
bers of shared downregulated genes in inhibitory neuron subtypes
across all three NDDs, indicating impairment of pathways relating to
neuronal development, synaptic function, stress responses, and other
categories, but more diverse expression patterns in other types, with
fewer shared DEGs.

3.6 | Differential gene expression between NDDs

To advance the understanding of mechanistic diversity among NDDs,

we next studied the differential transcriptomic landscape between

indicating increased interaction strength in NDD and blue lines representing decreased interaction strength. Line width is proportional to
statistical significance of change in interaction strength. Larger and bold labels indicate cell types with more prominently altered interactions. Bi,
Metascape network plot of biological pathways enriched among genes associated with increased interaction strength in AD across all cell types.
Nodes represent specific biological pathways clustered by shared gene membership. Clusters with similar biological function are color coded and
labeled according to general function. Node sizes are proportional to the number of differential-interacting genes in the pathway, and line width
connecting nodes is proportional to shared gene membership in linked pathways. Bii, Heatmap of top 20 enriched pathways among interactions
increased in AD across all cell types. Interacting cell types are indicated, with sending type listed first and receiving type indicated second. Color
saturation is proportional to strength of enrichment. Ci, Metascape network plot of biological pathways enriched among genes associated with
increased interaction strength in DLB across all cell types. Cii, Heatmap of top 20 enriched pathways among interactions increased in DLB across
all cell types. Di, Metascape network plot of biological pathways enriched among genes associated with increased interaction strength in PD across
all cell types. Dii, Heatmap of top 20 enriched pathways among interactions increased in PD across all cell types. AD, Alzheimer’s disease; DLB,
dementia with Lewy bodies; GWAS, genome-wide association study; NC, normal control; NDD, neurodegenerative disease; PD, Parkinson’s

disease.
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FIGURE 5 Differential gene expression shared by three pathologies on cell subtype level. A, Uniform Manifold Approximation and Projection
for Dimension Reduction plots of integrated NDD and NC nuclei of each major cell type, color coded to indicate cell subtype clusters. B, Bar charts
representing numbers of DEGs identified in each cell subtype within each NDD compared to NC nuclei of the same subtype. Red indicates DEGs
upregulated in NDDs and blue indicates DEGs downregulated in NDDs. C, Bar chart representing numbers of DEGs shared between all three
NDDs compared to NC nuclei for each cell subtype. Red indicates DEGs upregulated in NDDs and blue indicates DEGs downregulated in NDDs.
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NDDs. To accomplish this, we integrated transcriptomic data for all cell
types from each pair of NDDs (i.e., AD and DLB, PD and DLB, and AD
and PD) and performed dimensional reduction and clustering of the
integrated datasets to identify cell subtypes (Figure 6A). Differential
expression analysis was performed at the cell subtype level for each
NDD pairing to identify distinct DEGs between the pathologies. Com-
paring AD and DLB, we found DEGs that were upregulated in DLB in
only 4 out of the 29 cell subtype clusters, including excitatory neu-
rons (clusters 5 and 9), and oligodendrocytes (clusters 1 and 2), which
exhibited ~ 5000 DEGs each (5347, 5030, 4630, and 4805, respec-
tively), mainly upregulated in DLB (Figure 6B, Ci, Tables S15-518 in
supporting information). The only other clusters that exhibited > 100
DEGs were Exc3 and Oligoé. Biological pathway enrichment analysis
of DLB-upregulated DEGs in the excitatory neuron subtypes revealed
enrichment of genes involved in cell cycle regulation, synaptic trans-
mission, and stress response. In oligodendrocyte clusters, we found
enrichment for pathways associated with inclusion body assembly,
cellular signaling, and chromatin organization (Figure 6Cii). In addi-
tion, genes involved in DNA damage response, proteolysis, immune
response, and transcriptional regulation were enriched in both these
cell types. Accordingly, the strongest DLB-upregulated genes also play
roles inthese functional categories, including GWAS risk genes for both
AD and DLB (Figure 6Ci). For example, RTF2,a DEG in Exc5 and Oligo2,
and FBXO31 in Oligo2 are involved in DNA damage response, and the
DEGs SUGT1 in Exc5, CCNE2 in Exc9, and GAK in Oligo1 and 2, among
others, are involved in cell cycle regulation. The proteolysis associated
gene MAEA is a GWAS risk gene for both AD and DLB and was among
the highest DLB-upregulated DEG in both Exc9 and Oligo1. The growth
factor signaling AD-GWAS gene PLCG2 was highly DLB-upregulated in
all four cell types.

Comparison of PD to DLB across all clusters also resulted mainly
in DLB-upregulated DEGs (Figure 6B, Di, Tables S19-522 in sup-

porting information). Genes were strongly upregulated in DLB in a
number of oligodendrocyte clusters (2875, 4386, 3689, and 2525
in Oligol, 2, 3, and 5, respectively), with fewer DEGs in excitatory
neuron clusters (537 and 1404 in Exc1 and 4, respectively). Addition-
ally, while the Micro2 cluster was annotated as a microglial cluster
due to this being the most prevalent cell type, excitatory neuron
nuclei comprised approximately one third of the cluster and > 10%
of the cluster was made up of oligodendrocyte cells. For this rea-
son, we separately performed differential expression analysis on each
of these three cell types within the cluster. We identified 6.25-fold
more DEGs for the excitatory neuron subset (Micro2_Exc) compared
to the microglial subset (Micro2_Micro), indicating excitatory neurons
as the primary source of differential gene expression for this cluster.
Biological pathway analysis revealed that the top enriched pathways
across cell subtypes included synaptic transmission, neuronal mor-
phology, protein folding, and proteolysis (Figure 6Dii). The strongest
enrichment was observed in Micro2 excitatory neurons followed by
multiple oligodendrocyte and other excitatory neuron subtypes, as well
as Micro2 microglia. Synaptic transmission-associated pathways were
most strongly enriched in excitatory neuron subtypes. DLB- and PD-
GWAS genes strongly upregulated in DLB were also associated with
these functional categories, including synaptic adhesion-related genes
ADAM15 and GPNMB in Exc7, and synaptic vesicle-trafficking gene
RUSC1 in Micro2 (Figure 6Di). Chromatin remodeling GWAS genes
were DLB-upregulated across multiple clusters, including ATXN7L3
and TOX3 in Micro2, KAT8 in Oligo2, and SALL1 in Oligo3, while
the TF ELK4 was DLB-upregulated in all three clusters. The DNA
repair-associated gene NUCKS1 and actin gene ATCB were highly
DLB-upregulated in both oligodendrocyte clusters Oligo2 and 3.
Notably, SNCA and the amyloid precursor protein (APP)-processing
gene LDLRAD3 were both among the most highly DLB-upregulated
GWAS genes in Oligo3.

Di, Venn diagram showing overlap between DEGs downregulated in each NDD within the Interneuron 2 subtype. Dii, Unbiased volcano plots for
GABAergic neuron 1 subtype gene expression in each NDD. Log?2 fold change (FC) between NDD nuclei and NC nuclei of the same subtype is
plotted against -log10 P value (FDR). Points representing DEGs with statistically significant (FDR < 0.05) upregulation in NDD are shown in dark
red while DEGs with significant downregulation are shown in dark blue. Genes without significantly differential expression are shown as gray
points. The three DEGs with the highest absolute fold change (log2FC > 0.2) in the up- and downregulated categories are labeled in dark red and
dark blue, respectively. The three DEGs within 500 kb of NDD-associated SNPs previously identified in GWAS (GWAS-DEG) with the highest
absolute log2FC in the up- and downregulated categories are labeled in bright red and bright blue, respectively. Basic functional category
information is indicated for each labeled GWAS-DEG. Diii, Metascape network plots of biological pathways enriched among DEGs downregulated
in all NDDs within the GABAergic neuron 1 subtype. Nodes represent specific biological pathways clustered by shared gene membership. Clusters
with similar biological function are color coded and labeled according to general function. Node sizes are proportional to the number of
differential-interacting genes in the pathway, and line width connecting nodes is proportional to shared gene membership in linked pathways. Diy,
Metascape bar chart showing the top 20 most highly enriched biological pathway terms among DEGs downregulated across all NDDs within the
GABAergic neuron 1 subtype. Statistical significance (Log10 P value) is plotted on horizontal axes. Darker-colored bars indicated greater
significance. Ei, Venn diagram showing overlap between DEGs downregulated in each NDD within the GABAergic neuron 1 subtype. Eii, Unbiased
volcano plots for Interneuron 2 subtype gene expression in each NDD. Eiii, Metascape network plots of biological pathways enriched among DEGs
upregulated in all NDDs within the Interneuron 2 subtype. Eiv, Metascape bar chart showing the top 20 most highly enriched biological pathway
terms among DEGs downregulated across all NDDs within the Interneuron 2 subtype. Fi, Venn diagram showing overlap between DEGs
upregulated in each NDD within the Microglia 10 subtype. Fii, Unbiased volcano plots for Microglia 10 subtype gene expression in each NDD. Fiii,
Metascape network plots of biological pathways enriched among DEGs upregulated in all NDDs within the Microglia 10 subtype. Fiv, Metascape
bar chart showing the top 20 most highly enriched biological pathway terms among DEGs upregulated across all NDDs within the Microglia 10
subtype. AD, Alzheimer’s disease; DEG, differentially expressed gene; DLB, dementia with Lewy bodies; FDR, false discovery rate; GWAS,
genome-wide association study; NC, normal control; NDD, neurodegenerative disease; PD, Parkinson’s disease.
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FIGURE 6 Differential gene expression between NDDs in cell subtypes. A, Uniform Manifold Approximation and Projection for Dimension
Reduction dimensional reduction plots of integrated pairs of NDD nuclei of all cell types, color coded to indicate cell subtype clusters. B, Bar charts
representing numbers of DEGs identified using NEBULA for each cell subtype between nuclei of the indicated NDD pairs within the same subtype.
Red and blue bars represent DEGs upregulated in one or the other NDD, as indicated. Ci, Unbiased volcano plots showing gene expression in
selected cell subtypes in the AD and DLB comparison. Log2 fold change (FC) between nuclei of the 2 NDDs in the same subtype is plotted against
-log10 P value (FDR). Points representing DEGs with statistically significant (FDR < 0.05) upregulation in AD are shown in dark blue while DEGs
with significant upregulation in DLB are shown in dark red. Genes without significantly differential expression are shown as gray points. The three
DEGs with the highest absolute fold change (log2FC > 0.2) in the AD and DLB upregulated categories are labeled in dark blue and dark red,
respectively. The three DEGs within 500 kb of NDD-associated single nucleotide polymorphisms previously identified in GWAS (GWAS-DEG)
exclusive to AD, exclusive to DLB, and common to both NDDs with the highest absolute log2FC in the up- and downregulated categories are
labeled in bright red and bright blue, respectively, and the NDDs associated with each GWAS-DEG are indicated. Basic functional category
information is indicated for each labeled GWAS-DEG. Cii, Heatmap of top 20 enriched pathways among interactions increased in DLB compared to
AD across all cell types. Color saturation is proportional to statistical significance of enrichment. Di, Unbiased volcano plots showing gene
expression in selected cell subtypes in the PD and DLB comparison. Color coding indicates upregulation in the indicated NDD. The top three
GWAS-DEGs exclusive to PD, exclusive to DLB, and common to both NDDs are indicated. Dii, Heatmap of top 20 enriched pathways among
interactions increased in DLB compared to PD across all cell types. Ei, Unbiased volcano plots showing gene expression in selected cell subtypes in
the AD and PD comparison. Color coding indicates upregulation in the indicated NDD. The top three GWAS-DEGs exclusive to AD, exclusive to PD,
and common to both NDDs are indicated. Eii, Heatmap of top 20 enriched pathways among interactions increased in PD compared to AD across all
cell types. Eiii, Heatmap of top 20 enriched pathways among interactions increased in AD compared to PD across all cell types. AD, Alzheimer’s
disease; DEG, differentially expressed gene; DLB, dementia with Lewy bodies; FDR, false discovery rate; GWAS, genome-wide association study;
NC, normal control; NDD, neurodegenerative disease; PD, Parkinson’s disease.
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Comparing AD to PD yielded the most diverse pattern of transcrip-
tional dysregulation as demonstrated by the variety of cell types with
DEGs and the directionality of the differential expression (Figure 6B,
Ei, Tables S23-527 in supporting information). Upregulation in PD was
observed in astrocyte (821 and 745 DEGs in Astrol and 2, respec-
tively), excitatory (623, 749, 1064, and 2377 in Excl, 3, 5, and 9,
respectively) and inhibitory neuron clusters (720 in Inhé), while upreg-
ulation in AD was observed primarily in oligodendrocyte clusters
(949 in Oligo1). The largest number of DEGs upregulated in AD was
observed in the Oligo7 cluster. However, this subtype represents a
hybrid cluster, comprised of similar numbers of nuclei annotated as
oligodendrocytes and excitatory neurons (42.4% and 38.4% of cluster
nuclei, respectively). Thus, oligodendrocytes (Oligo7_Oligo) and exci-
tatory neurons (Oligo7_Exc) in this cluster were analyzed separately
for differential gene expression. Similar numbers of DEGs were iden-
tified for each of these subsets (2530 for Oligo7_Oligo and 2905 for
Oligo7_Exc).

Biological pathway analysis of the PD-upregulated DEGs for each
cell subtype showed the strongest enrichment in the Astro2 sub-
type, followed by other astrocyte, excitatory neuron, and oligoden-
drocyte clusters (Figure 6Eii). These were dominated by pathways
associated with neuronal morphogenesis/organization and synaptic
transmission. Accordingly, the most strongly upregulated AD- and
PD-GWAS genes were also involved in cell morphogenesis and orga-
nization, including B3GAT1 in Astro2, and GJC1, EFNA2, and PLK5
in Exc9 (Figure 6Ei). Genes upregulated in AD over PD showed the
strongest enrichment for pathways in the Oligo7 cluster (both Oligo
and Exc subsets) as well as several other oligodendrocyte clusters
(Figure 6Eiii). Across these cell types, the top enriched pathways were
largely associated with autophagy, mitochondrial structure, membrane
trafficking, and mRNA processing. However, in Oligo1 and 7, the most
strongly AD-upregulated individual GWAS genes were mainly associ-
ated with different pathways, including numerous protein synthesis
and maturation-associated DEGs (Figure 6Ei). These included riboso-
mal genes RPS11,RPS15, and RPL13A, and chaperone PFDN2 in Oligo1,
and genes associated with cell cycle regulation (FLBXL15, RPRML), pro-
teolysis (FLBXL15, PSMC5), and mitochondrial oxidative metabolism
(SLC25A39,CYC1) in Oligo7.

To summarize, comparison of gene expressionin DLB to either AD or
PD primarily revealed gene upregulation in DLB within relatively few
excitatory neuron and oligodendrocyte cell subtypes, but comparison
of AD to PD revealed more diverse patterns of differential gene expres-
sion, with upregulation in PD within astrocyte, excitatory neuron, and
inhibitory neuron clusters, and upregulation in AD within numerous

oligodendrocyte clusters.

4 | DISCUSSION

Here, we used snRNA-seq datasets obtained from three major NDDs
to gain insight into key aspects of pathogenesis, including: (1) vulnera-
bility of specific cell subtypes, (2) disease-driver cell subtypes based on

enriched expression of GWAS genes, (3) changes in cell-to-cell commu-
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nication, and (4) shared and (5) differential gene expression patterns
and biological pathways (Figure 1B). As we focused on a neocortical
brain region, our findings should advance the understanding of shared
and distinct processes contributing to the neuropathological propa-
gation and associated progression of clinical symptoms across these
NDDs.

While vulnerable neuronal populations have been described for
individual NDDs,62-¢4 no previous work has directly compared vul-
nerability of the same cell subtypes across NDDs. We found that
AD and DLB share a common vulnerable inhibitory neuron sub-
type characterized by expression of the interneuron marker VIP and
inhibition of PVALB, SST, and HTR3A. Previous work demonstrated
VIP* interneurons to moderate cortical disinhibitory circuits, inhibit-
ing PVALB* and SST* interneurons and thereby preventing inhibition
of pyramidal neurons, thus regulating motor integration and cor-
tical plasticity.®®> Loss of this subtype may suggest involvement in
symptoms common to both AD and DLB. In PD, previous work has
focused on vulnerable cell types within the SN.¢3 Here, we identi-
fied an inhibitory neuron cluster depleted within the TC distinct from
depleted populations in AD and DLB. This suggests potential associa-
tion of this cell type with PD-specific cortical disease progression and
pathology,®6-¢? but more direct evidence is required to support such an
assertion.

To better understand brain cell types driving disease risk in NDDs,
we examined enrichment of gene expression within GWAS regions.
Multiple cortical neuronal subtypes were implicated as disease drivers
in PD and DLB. The severity of cognitive impairment in Lewy body
dementias is correlated with cortical Lewy body accumulation,’® par-
ticularly within the temporal lobe compared to frontal or limbic cortical
regions.%> Furthermore, cortical neurotransmitter dysregulation and
synaptic dysfunction likely play a central role in cognitive impairment
in both PD’1-74 and DLB.”>7¢ Consistently, we found that disease-
driving neurons for DLB and PD were primarily excitatory subtypes,
and the enriched GWAS genes showing differential expression were
largely associated with synaptic function.

In AD, we predicted only a single disease-driving oligodendro-
cyte population. While studies have focused mainly on disease-
associated microglia in AD pathogenesis,”’~7? the involvement of
oligodendrocytes is also evident.8%81 Demyelination often precedes
neuronal loss in AD,%2 causing neurodegeneration through disrup-
tion of metabolic axon support and maintenance.®® Oligodendrocyte-
mediated myelin loss may thus represent a primary feature of AD
pathology.®* The importance of AD risk gene expression in oligo-
dendrocytes has also been established.8> For example, the major AD
risk-associated gene BIN1, involved in vesicle endocytosis and apopto-
sis, is primarily expressed in oligodendrocytes and has been implicated
in AD-associated demyelination.2¢ We identified BIN1 inhibition in
the disease-driver oligodendrocyte cluster of AD nuclei, along with
increased expression of numerous other AD-GWAS genes associated
with vesicle trafficking and apoptosis, including PICALM and SNX1. Dys-
regulation of these processes within disease-driver oligodendrocytes
may contribute to oligodendrocyte dysfunction and AD progression
within the TC.
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Analysis of altered cell-to-cell communication also highlighted
oligodendrocyte subtypes in all three NDDs, in addition to several
neuronal subtypes. While in AD the strength of many communica-
tion pathways was increased, overall decreased communication was
observed in DLB and PD. Together with our identification of the
disease-driver cell types, these changes in cellular communication
suggest an increased involvement of oligodendrocyte-neuron interac-
tion in AD, while communication between and within these cell types
may be inhibited in the context of the synucleopathies. Dysregula-
tion of oligodendrocyte-neuron interactions would presumably lead to
aberrant myelination resulting in neuronal dysfunction and loss.

We also studied shared dysregulation of gene expression across
NDDs, and identified the most shared DEGs among inhibitory neu-
rons. Previous studies have established an important role for inhibitory
neurons in AD,%788 demonstrating that GABAergic neurotransmis-

89-92 and murine AD models,?3-95

sion is impaired both in humans
leading to hyperexcitability of neural circuits and likely contributing
to cognitive dysfunction. In PD, dysregulation of GABAergic neu-
rotransmission is likely a primary driver of motor deterioration.?®
Overaccumulation of intracellular Ca2+ along with SNCA is directly
associated with neuronal death in PD in part through mitochondrial-

97.98 while GABA signaling prevents CaZt

stress-induced apoptosis,
influx, thereby protecting neurons from calcium toxicity.”® Loss of
dopaminergic neurons in the SN is furthermore predicted to dysreg-
ulate GABAergic neurotransmission.??1%0 These findings support the
importance of inhibitory neurons in both cognitive decline in AD and
motor deterioration in PD, and potentially in the combination of these
symptoms in DLB. Furthermore, our pathway analysis ininhibitory neu-
ron subtypes revealed dysregulation of numerous genes involved in
mitochondrial processes across the NDDs, possibly indicating altered
metabolic activity due to neurological dysfunction.

We investigated disease-specific molecular determinants by direct
comparison of differential gene expression between pathologies and
found that a relatively small number of cell subtypes displayed strong
differential gene expression in DLB compared to either AD or PD,
with almost all DEGs upregulated in DLB. In contrast, comparing AD
versus PD, most cell subtypes exhibited relatively high numbers of
DEGs, with greater diversity in the directionality of differential expres-
sion across cell types. This indicates overall greater transcriptomic
overlap between DLB and the other two NDDs, while AD and PD
show more divergence. These results provide molecular support to
the paradigm wherein DLB is “intermediate” on the continuum of AD-
PD spectrum disorders, consistent with the clinical manifestations of
the NDDs, wherein both AD and DLB are defined by pronounced
dementia,” 191 while PD and DLB both share motor deterioration
as a clinical hallmark.”192 On the other hand, motor symptoms are

not typically associated with AD,0%

and PD is commonly associated
with mild or absent cognitive decline, specifically in the early disease
stages.®”

In all cross-NDD comparisons, we identified DEGs predominantly in
excitatory neurons and oligodendrocytes. Comparisons of PD to both
AD and DLB identified multiple oligodendrocyte clusters with altered

transcriptional profiles. Consistently, previous single-cell sequencing

studies have revealed enriched expression of PD-GWAS genes in
oligodendrocytes of the SN,19% as well as depletion of midbrain oligo-

dendrocytes in PD patients.104

Furthermore, PD-specific oligodendro-
cyte populations have been predicted to display aberrant myelination
activity.19> Together with these previous findings, our data suggest an
important role for oligodendrocytes in PD that is distinct from both AD
and DLB.

This work provides an essential direct comparison of the molecular
underpinnings of three major NDDs. However, there are some limi-
tations. First, for direct comparison, it was necessary to examine the
same brain region in each NDD. However, regions are affected dif-
ferently in each condition. To overcome this limitation, we selected
the TC for analysis, a region impacted in all three diseases.3°:38.106-111
As the TC is generally affected in later stages of disease progression
for PD than for AD and DLB,%° our data for PD reflect transcrip-
tional changes preliminary to major cortical neurodegeneration and
provide insight into the molecular basis for PD progression into this
region. Future studies comparing single-cell transcriptional profiles
of cortical samples from different stages of PD would be invaluable
in better understanding the molecular changes associated with PD
progression and cognitive decline. Second, while we have taken numer-
ous measures to control for potential confounding effects of sample
variation, including but not limited to rigorous QC filtering, covari-
ate selection and regression, and inclusion of sample ID as a random
effect in our differential expression modeling, in studies using human-
archived brain tissues, it is a challenge to build a unified cohort and
to perfectly control for all such confounding variability. Third, to con-
trol for potential transcriptomic effects of APOE, we constrained the
analysis to donors with the APOE £3/¢3 genotype. Differences in the
transcriptomic profiles between patient carriers of the ¢3 and ¢4 alle-
les warrant further investigation in future work. Last, we would like
to reiterate the caveat that in this work we inferred and interpreted
the relationships between gene expression patterns and pathogenic
mechanisms based on our transcriptomic observations. Future empir-
ical experimentation using human-induced polypotent stem cell and
rodent model systems of NDDs is necessary as the next step to vali-
date the findings of key cell types, genes, and cell-cell communication
pathways.

It should be noted that each of these NDD categories represent a
complex range of comorbid clinical symptoms and co-pathologies. Four
major subtypes of AD have been characterized based on pathologi-

cal factors,112

while another study identified five molecular subtypes
using cerebrospinal fluid proteomics.!2 Likewise, PD has been divided
into three distinct subtypes based on both motor and non-motor

factors.114

DLB is particularly complex to define due to its shared
clinical features with both AD and PD, but specific subtypes of this dis-
ease have also been described based on patterns of a-synuclein and
tau distribution.1*®> Future studies may aim to elucidate the transcrip-
tomic mechanisms underlying these pathological subtypes to develop
an even higher-resolution understanding of the specific genetic fac-
tors driving diverse clinical outcomes. Because of this heterogene-
ity, there is no single “silver bullet” for fighting neurodegeneration,

but our findings contribute to a framework for the development of
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targeted treatment strategies tailored to the specific clinical challenges
presented by each of these important diseases.
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