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ABSTRACT OF THE DISSERTATION

Cell-Type-Specific Epigenomic and Transcriptomic Alterations in the Human Brain in
Aging and Neurodegenerative Disease

by

Jo-Fan Chien

Doctor of Philosophy in Physics
University of California San Diego, 2024

Professor Eran M. Mukamel, Chair
Professor David Kleinfeld, Co-Chair

Epigenetic regulation, which modulates gene expression without altering the DNA
sequence, is crucial for maintaining cellular function and facilitating responses to various
influences such as aging, sex differences, and neurodegenerative diseases. In the brain,

epigenetic modifications, including DNA methylation, histone modifications, and chromatin



accessibility, play pivotal roles in establishing and maintaining diverse cell type identities
throughout the lifespan. Although DNA methylation typically occurs at CpG dinucleotides, it is
also prevalent at non-CpG sites in neurons, underlying a genome-wide reconfiguration of the
DNA methylation landscape in early childhood and adolescence. Traditional analysis of bulk
tissues obscures cell-type-specific changes, whereas recent single-cell sequencing
technologies provide more precise insights into specific excitatory and inhibitory neuron types
as well as glia. However, significant gaps remain in our understanding of how human brain
epigenetic modifications, such as DNA methylation (mC) and hydroxymethylation (hmC),
regulate transcriptomes and influence brain function. This dissertation addresses these gaps
through advanced cell-type-specific multi-omics studies of human cortical neurons. We used
these technologies to investigate age-related changes, sex differences, and mechanisms
underlying neurodegenerative diseases, such as amyotrophic lateral sclerosis (ALS) and
frontotemporal dementia (FTD). The findings offer a comprehensive view of cell-type-specific
epigenomic and transcriptomic alterations, providing critical insights for the development of
targeted therapies.

Chapter 1 investigates the impact of aging and sex differences on human prefrontal cortical
neurons through single-nucleus multi-omics RNA and DNA methylome sequencing. Key
findings include synaptic gene downregulation, increased DNA methylation, age-related
telomere shortening, and cell-type-specific X-inactivation escape genes.

Chapter 2 examines the dynamics of DNA methylation and hydroxymethylation in the human
prefrontal cortex across the lifespan. The study reveals changes in mC and hmC levels, and
distinct regulatory roles of mC and hmcC in transcriptomic changes with aging.

Chapter 3 focuses on the molecular mechanisms of ALS and FTD associated with the C9orf72
mutation. Single-nucleus RNA and ATAC sequencing identify profound transcriptomic and

epigenomic alterations in excitatory neurons and astrocytes in ALS, and in glial cells in FTD.



INTRODUCTION

The human brain is a highly complex organ that undergoes extensive changes
throughout the lifespan, influenced by various factors such as development and aging'=, sex
differences*®, and neurodegenerative diseases’®. These changes manifest at multiple levels,
including cellular composition®='*, gene expression®''%, and epigenomic regulation'®-"8,

Epigenetics, derived from the Greek prefix “epi-” meaning “above”, refers to physical and
covalent chemical modifications of chromatin that occur on top of the DNA sequence and
influence gene expression. Conrad Waddington defined epigenetics as the study of the complex
interactions between genes and their products that ultimately shape the phenotype'®.

Waddington's epigenetic landscape metaphor vividly illustrates his notion of cellular
differentiation: imagine a ball rolling irreversibly down a landscape of hills and valleys. In this
metaphor, the ball represents a developing cell, and the landscape's contours symbolize various
epigenetic factors that create bifurcations guiding the cell's fate toward an equilibrium
representing a mature, differentiated cell type®*2'. The shape of this landscape is determined by
epigenetic modifications such as DNA methylation, histone modifications, and the
three-dimensional conformation of chromatin. These epigenetic marks direct the cell along
specific developmental pathways, influencing its ultimate function?*2?®. However, it's important to
note that Waddington's landscape is a metaphor rather than a physical model. Unlike a static
equilibrium, cells are non-equilibrium systems that constantly consume energy and exhibit
dynamic behaviors. This means that the cellular “fate” is not fixed but rather a dynamic process
shaped by ongoing interactions with its environment.

Epigenetic modifications are dynamically altered in various biological contexts and
collectively play pivotal roles in regulating the transcriptome. The groundbreaking work of
Yamanaka et al. on induced pluripotent stem cells (iPSCs) demonstrated that the epigenetic

landscape is not always irreversible?*. By introducing a set of transcription factors, they were
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able to reprogram differentiated cells back to a pluripotent state, highlighting the reversible
nature of epigenetic modifications?.
DNA methylation

DNA methylation involves the addition of a methyl group to the 5th carbon of the
genomic cytosine, resulting in the formation of methylcytosine (mC). This modification is
primarily catalyzed by DNA methyltransferases (DNMTs)?*. DNMT3A and DNMT3B are
responsible for de novo methylation, establishing new methylation marks on previously
unmethylated DNA?"?8, In contrast, DNMT1 is principally responsible for maintaining existing
methylation patterns during DNA replication®. Due to the symmetrical nature of CpG sites on
both DNA strands, methylation of CpG sites can be faithfully replicated during cell division,
whereas non-CpG sites do not benefit from this symmetry*°. This results in much higher
methylation at CpG sites compared to non-CpG sites in most tissues. However, in neurons,
which are post-mitotic and almost entirely produced during early prenatal gestation®'?, DNA
methylation accumulates at non-CpG sites over the course of the first two decades of postnatal
life*3. This non-CpG methylation has been proposed to play critical roles in neuronal function
and plasticity**-¢, although the impact of losing mCH in cortical excitatory neurons is limited® .
Cell-type-specific assay

Traditional studies have focused on bulk tissue analyses, which mask the heterogeneity
of cell types and fail to provide insights into cell-type-specific molecular changes®®. Recent
advances in single-cell sequencing technologies have enabled more precise studies®***, but
significant gaps remain in our understanding of how aging and sex differences affect specific
neuronal subtypes in human brains at the epigenomic and transcriptomic levels.
Aging and Hydroxymethylcytosine

Studies have shown that DNA methylation patterns change with age, and the concept of
the “methylation clock” has emerged as a biomarker of biological aging***’. However, these

studies often do not distinguish between DNA methylation (mC) and hydroxymethylation
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(hmC)*, which can have distinct regulatory roles. Hydroxymethylation, an oxidized form of
methylation mediated by TET enzymes, is particularly prevalent in neurons and is implicated in
active DNA demethylation and gene regulation**-*2. The distinction between mC and hmC is
crucial because while mC is generally associated with gene repression, hmC is often found to
be linked to gene activation**%2, To accurately differentiate between mC and hmC,
sequence-based techniques such as oxidative bisulfite sequencing (OxBS-seq)**** and
TET-assisted bisulfite sequencing (TAB-seq)®® were developed. These methods selectively
convert one form while leaving the other intact, allowing precise mapping of mC and hmC.
Sex differences

Sexual dimorphism in gene expression and epigenetic modifications can lead to different
disease susceptibilities. Recent studies have begun to investigate sex-specific transcriptomic
and epigenomic signatures to better understand the molecular underpinnings of sexual
dimorphism in the human brain**'>°¢_ Notably, the non-CG methylation pattern of
X-inactivation'63**5" provides a tool to predict tissue or cell-type-specific X-inactivation genes
from methylation data without phasing RNA expression.
Human studies

Moreover, most studies in brain aging and disease come from animal models®*°¢-8",
Although animal models provide valuable insights into fundamental biological processes, the
human brain exhibits unique characteristics and complexities that may not be accurately
replicated in animal models®?-%4. Human-specific studies are essential for translating findings
into clinical applications and for understanding the precise molecular mechanisms underlying

human brain function and disorders.

Dissertation overview
This dissertation addresses these gaps through three interrelated studies that leverage

advanced FANS-sorted and single-cell (multi-omics) technologies to provide a comprehensive
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view of cell-type-specific changes in the human brain. This dissertation is organized into three
chapters:

Chapter 1 Cell-type-specific effects of age and sex on human cortical neurons
focuses on the cell-type-specific effects of age and sex on human cortical neurons. Using
single-nucleus multi-omics RNA and DNA methylome sequencing (snmCT-seq), we profile
neurons from young and aged donors, revealing changes in cell type composition, gene
expression, and DNA methylation in aging. We highlight the downregulation of synaptic genes in
aged neurons accompanied by the increase of DNA methylation, and age-related telomere
shortening. Additionally, we identify cell-type-specific sex differences in gene expression and
X-inactivation escape genes. This novel large-scale human brain neuron single-nucleus
multi-omics dataset provides valuable insights in cell-type-specific regulation between DNA
methylation and transcription in aging.

Chapter 2 Dynamics of cell-type-specific DNA (hydroxy)methyl-cytosine in human
cortical neurons during postnatal development and aging explores the dynamics of DNA
methylation (mC) and hydroxymethylation (hmC) in the human prefrontal cortex across lifespan.
Using whole-genome bisulfite sequencing (BS-seq) and oxidative bisulfite sequencing
(OxBS-seq), we measure excitatory glutamatergic (Glu) and medial ganglionic
eminence-derived inhibitory GABAergic (MGE-GABA) neurons from donors from 0 to 77 years
old. Our findings reveal a genome-wide decrease of mCG and an increase of hmCG, with
significant accumulation of non-CG methylation during development. We highlight the different
regulatory roles of mC and hmC in transcriptomic changes in aging. We quantify methylation
dynamics across the genome and detect regions that lost both mCG and hmCG enriched in
enhancer regions. We also examine sex differences in methylation patterns and the regulation
of inactivated and escape genes on chromosome X. These findings provide a comprehensive

view of the epigenomic landscapes of the human prefrontal cortex, enhancing our



understanding of the dynamics of mC and hmC and their regulation on transcriptome across the
lifespan.

Chapter 3 Divergent single cell transcriptome and epigenome alterations in ALS
and FTD patients with C9orf72 mutation focuses on neurodegenerative diseases, specifically
amyotrophic lateral sclerosis (ALS) and frontotemporal dementia (FTD) associated with the
C9orf72 mutation. Through single-nucleus RNA and ATAC sequencing, we analyze the motor
and frontal cortices from postmortem human brains, identifying distinct transcriptomic and
epigenomic alterations. Our results show that upper and deep layers of excitatory neurons and
astrocytes are profoundly affected in ALS, with upregulation of mitochondrial and proteostasis
genes. In contrast, FTD is characterized by extensive transcriptional dysregulation in glial cells.
These findings underscore the cell-type-specific mechanisms underlying ALS and FTD and
suggest potential therapeutic targets.

Overall, this dissertation advances our understanding of the molecular mechanisms
underlying brain aging and neurodegeneration. By leveraging FANS sorting and single-nucleus
technologies, we provide a comprehensive view of cell-type-specific changes in the human
brain, offering valuable insights for the development of targeted therapies for neurodegenerative

diseases.



Chapter 1 Cell-type-specific effects of age and sex on human cortical neurons

1.1 Introduction

Aging is a multifaceted biological process that affects the brain through changes in cell
type composition®, gene expression®, telomere attrition®, and multiple levels of epigenomic
regulation*’*3%”. Though many molecular changes have been associated with aging, the impact
of age-related changes in the epigenome and transcriptome on specific neuron types remains
unclear. Studies of genetic changes such as telomere shortening have focused on dividing cells,
without addressing the potential role of telomeres in aging for post-mitotic neurons®%. On the
other hand, studies of the brain transcriptome using bulk RNA sequencing in human cohorts®7"3
have implicated age-related downregulation of genes involved in synaptic function and plasticity,
potentially contributing to deficits in synaptic plasticity and memory consolidation”"77%, Despite
this progress using transcriptomics in bulk tissue samples, we lack cell-type-specific information
about the coordinated changes across the transcriptomes and epigenomes of different neuron
types.

The gaps in our understanding of cell-type-specific age changes are partly filled by
recent single cell or single nucleus RNA sequencing (sc/snRNA-seq) and spatial transcriptomics
studies in the fly**"®, mouse®’"’®, non-human primate’®®° and human brain®'-%. Glial cells,
especially oligodendrocytes and their precursors, appear to be particularly affected by advanced
age in mouse® and human brain®®. Moreover, recent epigenome studies using snATAC-seq have
uncovered associations between cell-type-specific changes in chromatin accessibility and
heterochromatin marked by modified histone H3K9me3%. Epigenome erosion has also been
observed in human neurons in Alzheimer’s disease®. Studies of chromatin organization have
further pointed to a potential role of DNA double strand breaks in disrupting the 3D genome in

neurodegenerative disease®’. Finally, recent studies have highlighted the crucial role of DNA
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methylation in aging across multiple tissues**®®, although the effect of advanced age on the
unigue DNA methylome of brain cells* remains unclear.

Human brain cell types establish a specific DNA methylation landscape over an
extended period spanning pre- and postnatal brain development, and alterations to the
methylome continue throughout the lifespan*#%, Array-based studies have shown that
methylation at multiple CG sites can reliably predict biological age across multiple species and
tissues, including the human brain*¢47°1-%3 Methylation clocks suggest a conserved program of
changes in epigenetic regulation in healthy subjects, which may be accelerated by diseases
such as cancer or HIV*-*", Whole-genome bisulfite sequencing has further revealed a dynamic
trajectory of age-related DNA methylation changes in human neurons®**®_ |n particular,
neurons accumulate considerable methylation at non-CG sites, mainly CA dinucleotides, in a
gradual process extending throughout postnatal development and childhood®*¢. However, the
specific changes in DNA methylation between young and aged adults in neuronal and glial cell
types have not been characterized with single cell resolution in the human brain.

Here, we use single-nucleus DNA methylome and transcriptome sequencing
(snmCT-seq)® to profile prefrontal cortex neurons from young adults (23-30 years old) and aged
(70-74 yo) male and female donors. Our dataset, with >55,000 high quality single cell profiles,
offers a comprehensive view of stable and age- or sex-variable cell regulation in the human
brain. We found changes in cell type composition, gene expression, and DNA methylation
across brain cell types. Notably, genes implicated in synaptic function were downregulated with
advancing age, in parallel with increased DNA methylation within their gene bodies and at
nearby candidate cis-regulatory regions. We also used the DNA methylome data to estimate
telomere length in individual brain cells, and uncovered an age-related telomere position effect
whereby genes located near chromosome ends are broadly upregulated in aged neurons.

Finally, we found sex differences in both expression and DNA methylation across autosomes
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and chrX, including signatures of genes that escape from X-inactivation in specific neuron types

in females.

1.2 Results
1.2.1 A multi-omic atlas of human frontal cortex neurons across age and sex

We measured the transcriptome and DNA methylome®® in frontal cortex neurons of
young (23-30 years old) and aged (70-74 years old) male and female donors (n=11, Fig. 1.1A).
We focus on the human dorsolateral prefrontal cortex (Brodmann area 46, BA46; hereafter
“frontal cortex”), a critical region involved in cognitive control and executive function which is
affected in aging and age-related neurodegenerative disease®’38%1%0.101 "\We obtained 55,447
high-quality nuclei with an average of >1.37 million DNA reads, which were enriched for neurons
(NeuN+). Most of these cells (39,830) also passed stringent quality control criteria for RNA-seq
data, providing on average 213,000 RNA reads, and 6,800 genes detected per cell (Fig. S1.1,
Table S1.1).

To assess donor variability, we annotated cells according to major neuron types rather
than fine-grained subtypes. We identified 11 glutamatergic excitatory and 10 GABAergic
inhibitory neuron types based on 100 kb bin non-CG methylation (mCH) features*?, which we
labeled based on expression of canonical mMRNA cell type markers® (Fig. 1.1B,C). We also
obtained a smaller number of glial cells, including astrocytes, oligodendrocytes and microglia,
from some samples. Cell type clusters were similar when identified using mCH, mCG or mRNA
features (Fig. S1.1C,D).

The pseudobulk gene expression profiles from each cell type were highly consistent with
reference cell types from scRNA-seq of multiple human cortical regions®? (mean Spearman
correlation = 0.84 + 0.05 for 500 highly variable genes between cell types, Fig. S1.2). As
expected, cell type marker gene expression correlated with low gene body DNA methylation in

both CG and CH contexts (Fig. 1.1C, D, F, Fig. S1.3B)*.
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RNA expression and DNA methylation features were highly consistent between
independent tissue samples from the same donor. For example, samples of L2-4
intra-telencephalic (IT) neurons from the same donor had Pearson correlation r = 0.98 + 0.01 for
RNA, 0.99 + 0.01 for mCG in gene bodies, and 0.98 £ 0.01 for mCH (Fig. 1.1E and Fig. $1.3C).
By contrast, the correlation of these signatures in different individuals is lower, especially
between donors with different age or sex (r = 0.90 £ 0.03 for RNA, 0.97 + 0.01 for gene body
mCG, 0.91 £ 0.03 for gene body mCH, Fig. 1.1E and Fig. S1.3C). The correlation between
signatures for different cell types was far lower (r = 0.73 + 0.08 for RNA, 0.80 £ 0.07 for mCG in
gene bodies, and 0.48 + 0.15 for mCH, Fig. S1.3D).

These multi-omic data are displayed in a genome browser that compares base
resolution DNA methylation with gene expression for each demographic group
(brainome.ucsd.edu/HumanBrainAging). For example, the gene ADARB?2 is highly expressed
across CGE-derived inhibitory neuron types (VIP, LAMP5) and shows corresponding patterns of
low mCG and mCH across the gene body, while NXPH4 labels a group of deep layer excitatory
neurons (L6b; Fig. 1.1F). Stratifying the genomic data by donor age and sex shows the high
reproducibility of DNA methylation and RNA expression tracks for young, aged, male and
female donors (Fig. 1.1G). These integrated multi-omic, multi-donor data allowed us to

investigate age- and sex-related variability in brain cell transcriptomes and epigenomes.
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Figure 1.1 | Single nucleus multi-omic analysis of inter-individual transcriptomic-epigenomic

diversity in human frontal cortex.

(A) Study design. (B) UMAP embedding of nuclei assigned to 11 excitatory, 10 inhibitory and 3 glial types
using DNA methylation in 100 kb bins. (C) Cell type marker RNA expression and gene body mCH. (D)
Correspondence of mMRNA, mCG and mCH for the CGE interneuron marker, ADARB?2. (E) Correlation of
mMRNA expression between independent samples from the same donor, between different donors with the
same age/sex and different age or sex. (F) Pseudobulk expression (MRNA) and DNA methylation (mCG)

at ADARBZ2 and NXPH4 (L6b excitatory neurons), averaged across subjects. (G) Separate tracks for
young, aged, male and female groups showing consistent epigenomic and transcriptomic cell type

signatures. MGE/CGE, medial/caudal ganglionic eminence; IT, intra-telencephalic; CT, cortico-thalamic;

NP, near-projecting; ET, extra-telencephalic; CPM, counts per million.
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1.2.2 SST and VIP expressing GABAergic neurons are reduced in aged frontal cortex

Cortical glutamatergic and GABAergic neurons are produced before birth, and the
balance of their excitatory and inhibitory activity throughout the lifespan is critical for healthy
cognition and brain function. Although new neurons are not produced in the adult cortex,
whether the ratio of excitatory to inhibitory neurons changes with age, e.g. due to selective
neuron loss, remains unclear. We found a 68% lower proportion of inhibitory neurons in aged
samples (mean 0.28 + 0.06 s.d.) compared with young samples (0.41 + 0.06, p=0.01, Wilcoxon
rank-sum test, Fig. 1.2A). These differences were not explained by sample quality, as we found
no difference in the fraction of high-quality cells or in DNA methylation quality-control metrics in
young vs. aged donors (Fig. S1.1).

The age-associated decline of inhibitory neurons was driven by substantial loss of SST-
(2.90-fold, false discovery rate (FDR) < 0.1) and VIP-expressing cells (1.71-fold) (Fig. 1.2B; Fig.
S1.4A). There was also an increase in the proportion of CGE-derived LAMP5 LHX6 neurons
(1.67-fold), and a type of L4-5 IT excitatory neurons (1.50-fold). Notably, the loss of SST or VIP
neurons has been observed in the aging human brain using single cell data and deconvolution
of bulk brain data from 8 datasets across 6 cohorts, with over 1,100 individuals®. Inhibitory
neurons were also reported to reduce across multiple brain regions in Alzheimer’s disease

patients compared with age-matched controls, primarily over 70 years old'281102103,

1.2.3 Widespread age-related changes in cell-type-specific gene expression and DNA
methylation

The deep epigenomic and transcriptomic profiles of our snmCT-seq data allowed us to
further examine age-related changes in gene regulation in specific neuron types. The
low-dimensional embedding of cells based on CG and CH DNA methylation throughout the
genome suggested substantial differences between excitatory neurons from young and aged

donors (Fig. 1.2C). By contrast, inhibitory cells from all donors had very similar global
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methylation profiles and their UMAP embeddings were largely overlapping. We did not analyze
age-related changes in glial cell types because the number of glial cells was not sufficiently
balanced across donors.

The genome-wide average level of CG DNA methylation varies across neuron
types'%1% ranging from a low level of methylation in L2-4 IT neurons (mMCG=0.82) to the
highest levels in SST inhibitory cells (mCG=0.86) (Fig. S1.4B). CH methylation, particularly at
CA dinucleotides, varied by more than 2-fold across neuron types, with mCA ranging from 0.07
to 0.15 (Fig. S1.4C, D). In contrast with these large cell type differences, genome-wide average
methylation for each cell type was largely stable in aging, with slight increases in mCG in some
excitatory neurons (Fig. S1.4B, C, D). This shows that any age-related global changes in mCG
and mCH are small relative to the cell-type-specific patterns of DNA methylation that are
established in early life and largely persist through the adult lifespan.

To statistically identify robust age differences in gene expression and DNA methylation,
we used conservative analyses based on the pseudobulk profile of each cell type per donor
(see Methods)'% with rigorous adjustments for multiple comparisons'’. We found 1,904 unique
differentially expressed genes (age-DEGSs) in young vs. aged neurons (FDR <0.05 and
fold-change >1.2 in at least one cell type, Fig. 1.2D, Table S1.3). Overall, we found more
age-DEGs in excitatory neurons (1,536 unique genes) compared with inhibitory neurons (601).
Downsampling analysis confirmed that this pattern was not due to the differential abundance of
neuron types (Fig. 1.2E, see below). In particular, there were relatively few age-DEGs in SST- (7
age-DEGs) or VIP-expression (109) inhibitory cells. This indicates that, despite their reduced
population in aged donor brains, the surviving SST and VIP cells maintain a similar gene
expression profile compared with young adults.

Despite the limited number of donors in our study, the aging changes were highly
consistent with mRNA measurements from bulk brain tissue in a large cohort of up to n=255

donors from the gene tissue expression project (GTEx) (r = 0.63, Fig. 1.2F; Fig. S1.4E)".
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Whereas the GTEx data identified just 28 DEGs from the frontal cortex (Brodmann area 9), our
single nucleus data identified more alterations to brain gene expression in specific neuron types.

Changes in gene expression during aging could be driven by alterations to epigenetic
modifications, including DNA methylation. Thousands of cytosines throughout the genome gain
or lose DNA methylation during childhood brain development®*#, and the DNA methylome
provides a clock-like signature of aging throughout the lifespan in multiple tissues and
species*®'% However, previous analyses of age-related changes in DNA methylation lacked
cell-type-specific resolution, and did not assess the methylation status of all CG and CH sites
genome-wide. Focusing on mCG, we called differentially methylated regions (DMRs) between
aged and young donors in each neuron type, controlling for sex'*'°, We found age-DMRs in all
cell types, with more regions gaining than losing methylation with age (Fig. 1.2D, Table S1.4).
For example, we found 19,715 age-DMRs in L4-5 IT TSHZ2 neurons (covering 8.5 Mbp, ~0.3%
of the genome), and 98% of these DMRs increase methylation in aged samples
(hypermethylated age-DMRSs).

To directly compare age-related changes in expression across cell types without bias
due to differences in cell abundance, we repeatedly subsampled 50 cells from each of the major
neuron types for each sample followed by DEG and DMR analysis (Fig. 1.2E). We also applied
Augur to prioritize cell types that have the most age effect’ (Fig. S1.4F). Although the number
of significant age-DEGs and age-DMRs was greatest in excitatory IT neurons, the effect of
aging was similar across neuron types for most age-DEGs even in cell types in which the effect
did not reach statistical significance (Fig. 1.2G). Among the 1,904 age-DEGs, only two
protein-coding genes had opposite direction of age-related change between excitatory and
inhibitory neurons (ATP2B4: 3.3-fold increase in L4-5IT TSHZ2 and 2.5-fold decrease in MGE
PVALB; INPP4B: 3.8-fold increase in L6CT and 2.2-fold decrease in CGE ADAM33). By
contrast, age-DMRs are more cell-type-specific and more prominent in excitatory neurons,

especially in L2-4 IT and L4-5 IT TSHZ2 (Fig. 1.2G).
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1.2.4 Reduced expression and increased methylation of synaptic genes in the aging brain
Genes downregulated with age are enriched in pathways related to synaptic signaling
and cell adhesion (Fig. 1.2H). These included neuroligin 1, NLGN1, which mediates the
formation and maintenance of excitatory synapses''?; phosphatase and actin regulator 1,
PHACTR1, encoding a synaptic protein regulating excitatory synapses'?; and the voltage-gated
potassium channel KCNH7""* (Fig. S1.5D). Downregulation of genes involved in synaptic
signaling in aged brains has been reported in rodents">"®, non-human primates®®'"” and
humans’74#_The downregulation of synaptic and cell adhesion genes may be associated with
reduced synaptic plasticity’*"'®. Some of the upregulated genes may have neuroprotective
functions, such as the activation of histone H4 acetylation (Fig. S1.5C) that has been linked to

DNA double-strand break repair'®12°,
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Figure 1.2 | Aging effects on inhibitory and excitatory neuron cell types.

(A) Proportion of all GABAergic inhibitory neurons among all neurons in young and aged donors
(Wilcoxon rank-sum test; n=5 young, n=6 aged donors). (B) Proportion of neuron types whose abundance
was significantly different between young and aged donors (Wilcoxon rank-sum test, FDR<0.1; n=5 for
young donors, n=6 for aged donors). (C) UMAP embedding showing centroids of cells of each type from
young (x) and aged (circles) donors. (D) Number of age-differentially expressed genes (age-DEGs) and
differentially methylated regions (age-DMRs) in each cell type. (E) Number of age-DEGs and age-DMRs
resulting from randomly sampling 50 nuclei per cell type per sample. This subsampling procedure is
repeated five times using distinct random seeds. The plotted data points represent the median values,
while the error bars indicate the interquartile range (25th to 75th percentile) across the random
subsampling. (F) Correlation of age effect on gene expression in our data with GTEx data from bulk brain
tissue™. (G) Left: Pseudobulk RNA fold change, combined expression alterations from all cells in the
same cell type, of the union of age-DEGs from all cell types. Right: Pseudobulk DNA methylation change,
the combined alterations in DNA methylation levels from all cells in the same cell type, of the union
age-DMRs across all cell types. (H) Biological pathways enriched for age-DEGs that are downregulated in
aged neurons (FDR <1e-3).
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1.2.5 Increased DNA methylation in aged neurons correlates with reduced gene
expression

DNA methylation differences between cell types correlate with cell-type-specific gene
expression'®'2! but whether age-related changes to the epigenome correlate with
transcriptomic age changes has not been established. To address this, we calculated the
Spearman correlation of the fold-change (aged/young) for RNA and DNA methylation features
across the union of age-DE genes, i.e. genes which were age-DE in at least one cell type (Fig.
1.3A, Fig. S1.6). Gene body mCH and mCG had a strong negative association with mRNA
expression in most neuron types (FDR < 0.01), e.g. r = -0.49 for excitatory L4-5 IT TSHZ2
neurons (Fig. 1.3A, B). This correlation was significant even for cell types in which few genes
reached statistical significance (Fig. S1.6B,C). Gene body mCG also correlated with lower
expression (Fig. 1.3A), but mCG and mCH at the promoter region (transcription start site + 1kb)
were less strongly correlated (Fig. S1.6B-D). Correlating RNA with DNA methylation features
across all expressed genes showed a similar pattern of negative association (Fig. S1.6D). We
conclude that changes in neuronal DNA methylation coincide with age-related expression
changes in the adult brain, consistent with a potential regulatory role.

To illustrate the age-related changes in gene expression and DNA methylation, we
highlight the rho GTPase activating protein 10, ARHGAP10 (Fig. 1.3C). mRNA for ARHGAP10
is highly expressed in upper layer excitatory neurons (L2-4 IT) in young donors (>435 transcripts
per million mapped reads (TPM)), and subsequently reduced 3.2-fold in older donors.
Consistent with this downregulation, we found several DMRs around the ARHGAP10 locus
where DNA methylation increases with age in L2-4 IT neurons. DMRs occurred in the upstream
intergenic region, marking putative cis-regulatory elements, as well as within the promoter and
gene body. Gene body mC also had a strong negative correlation with ARHGAP10 mRNA

expression across donors (r = —0.68 for mCG, —0.82 for mCH, Fig. 1.3F). Similarly, the highly
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expressed potassium voltage-gated channel subfamily H member 7, KCNH7, was reduced
1.9-fold in aged donors and showed a corresponding increase of CG methylation (Fig. 1.3D, G).

In total, age-DMRs covered 32.4 Mbp, and occurred mainly in introns (69%) and
intergenic regions (25%). A small minority of age-DMRs covered coding regions (exons) (6%).
Age-DMRs had a non-random distribution across functional genomic compartments defined by
multiple histone modification ChlP-seq datasets from human prefrontal cortex using
chromHMM?'?2 (Fig. S1.5F). DMRs that increase methylation in aged neurons were enriched in
enhancers, and in states associated with Polycomb repressive complex 2 (PRC2) (FDR <0.01).
DMRs that lose methylation in aged neurons were only enriched in active states.

To explore the potential regulatory significance of DNA methylation changes, we used
sequence motif enrichment analysis to identify transcription factors that may bind at
age-DMRs'%. Motifs of early growth response (EGR) family factors, including WT1 and EGR1,
were enriched in excitatory neuron age-DMRs that increase methylation with age (FDR <0.001,
Fig. 1.31). Up to 12.5% of hypermethylated (aged > young) age-DMRs overlapped EGR1 motifs
(Fig. S1.5G). EGR1 mRNA expression was also strongly reduced with age (4-30 fold) in both
excitatory and inhibitory neurons (Fig. 1.3J), although there was no significant difference in gene
body methylation. EGR1 is an immediate early gene encoding a zinc finger transcription factor
that is important for long-term memory consolidation'?'%. Our findings in the human frontal
cortex extend previous observations of reduced EGR1 expression and increased promoter
mCG in the hippocampus of aged mice'®. By contrast, regions that lost mCG in aged neurons
were enriched in transcription factor binding motifs of the AP-1 family of immediate early genes,
FOS and JUN, and the transcription elongation factor GRE (Fig. S1.5H).

DNA methylation plays a fundamental role in development, establishing unique sets of
hypomethylated regions that mark each mature cell type*>'%. These cell type DMRs have large
differences in mCG across adult neuron types. We hypothesized that age-related changes in

DNA methylation may specifically affect these developmentally programmed sites of cell type
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regulation. Consistent with this, we found that regions with the greatest difference in mCG or
mCH between aged and young cells in any cell type also had large differences in mean

methylation between cell types in young adults (Fig. 1.3K).

1.2.6 Low methylated regions gain mCG with age

Studies of the DNA methylation clock have identified systematic changes in mCG
throughout the lifespan, particularly at sites with low mCG'#’. Consistent with this, we found
increased mCG with age in DNA methylation valleys (DMVs), defined as extended regions (=5
kb) with low average mCG (<15%)'?® (Fig. 1.3L). DNA methylation also increased at regions
associated with Polycomb repressive complex 2 (PRC2) in prefrontal cortex'??, although the
expression levels of the four core PRC2 components (EZH2, SUZ12, EED, and RBBP4) were
not significantly different between aged and young donors. By contrast, there was no effect of
age on mCG at heterochromatin regions marked by the repressive histone modification
H3K9me3 (Fig. 1.3L). The lack of increased mCG in heterochromatin regions is notable given
the observation of increased chromatin accessibility and reduced H3K9me3 at these sites in

excitatory neurons in aged mice®.
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Figure 1.3 | Correlated transcriptome and DNA methylome changes in the aged human brain.

(A) Spearman correlation coefficient between the age change of gene body DNA methylation (aged -
young) and the fold-change in gene expression in the union of age-DEGs from all cell types. * FDR <0.01.
(B) Example scatter plots showing age-DEGs (colored dots) correlated with the age change in gene body
mCH. Gray dots show the union of age-DEGs from all cell types. (C,D) Browser view of the ARHGAP10
(C) and KCNH7 (D) loci, showing reduced gene expression and increased mCG at age-DMRs throughout
the gene body. (E) Browser view of the FKBP5 loci, showing reduced mCG at age-DMRs and increased
gene expression. (F,G,H) Scatter plots of mRNA expression and CG, CH methylation for each donor in
ARHGAP10 (F), KCNH7 (G) and FKBPS (H). (I) Motif enrichment of hypermethylated age-DMRs. Only
motifs significantly enriched (FDR <0.001) in more than two cell types are shown. (J) Expression of EGR1
mRNA. (K) The relation between maximum methylation difference in age and the methylation difference
between cell types for all 1kb bins. Bottom row is the histogram of the bins with age methylation
difference. (L) mCG age difference in genomic compartments. Polycomb and heterochromatin regions are
called by chromHMM whole brain tissue annotation. DNA methylation valleys are called by methylSeekR
from our data.
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1.2.7 Increased expression of subtelomeric genes in aged brain cells

In contrast with downregulation of synaptic genes, we found other genes with strongly
increased expression in aged neurons. FKBP5, encoding a co-chaperone of the glucocorticoid
receptor complex, increased expression 5.2-fold in aged neurons and harbored hypomethylated
(aged < young) age-DMRs in its gene body (Fig. 1.3E). Aging and stress have been associated
with increased FKBP5 expression and decreased methylation at two CG sites in blood in
multiple large human cohorts (n >3000), and this was mechanistically linked to NF-k-B driven
inflammation?®'3°. Another example of an age-increased gene in L2-4 IT neurons was the mu
opioid receptor, OPRM1 (FDR <0.05, >2-fold increase). Altered opioid receptor signaling has
been reported in aged rodents™".

Despite these examples, we did not identify a clear functional association for
age-increased genes as a group, in contrast with the significant enrichment of synaptic function
for age-decreased genes (Fig. 1.2H). Moreover, whereas age-decreased genes fit an expected
pattern with increased methylation and enriched hypermethylated age-DMRs in their gene body,
age-increased genes were not enriched in gene body mCG (Fig. 1.4A, B). Instead, genomic
regions that surround age-increased genes had less age-related accumulation of mCH
compared with regions around age-decreased genes (Fig. 1.4A). mCG hypo-DMRs (aged <
young) were slightly enriched at the promoters of age-increased genes (Fig. 1.4B).

Given the reduced mCH around age-increased genes, we reasoned that these genes
may be clustered in genomic regions with a distinct chromatin organization. We found that
age-increased genes, but not age-decreased genes, were enriched ~1.5-fold within the
subtelomeric regions, i.e. <5 Mb from the ends of chromosomes (Fig. 1.4C). We found a similar
pattern of enrichment for age-DMRs, including both hypo- and hyper-mCG age-DMRs (Fig.
1.4D). The subtelomeric regions have lower average mCG (~5% lower than the genome
average) and mCH (~20% lower, Fig. 1.4E). Subtelomeres also have higher gene density and

higher GC content than the rest of the genome (Fig. 1.4F).
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Telomere attrition and telomere DNA damage response in aging have been reported in
both dividing and post-mitotic cells'*?. We reasoned that the enrichment of age-increasing DEGs
in subtelomere regions might be related to the disruption of the chromatin structure at
chromosome ends due to telomere damage or shortening. We applied TelomereHunter™? to
estimate telomere length for each donor, using information from snmCT-seq reads that mapped
to unique genomic locations as well as unmappable reads with repetitive sequences. Estimated
telomere length was significantly shorter in L2-4 IT neurons from aged compared to young
donors (Fig. 1.41, p <0.05, Wilcoxon rank-sum test). Furthermore, shorter telomere length
correlated with increased expression of age-DEGs located in the subtelomere regions,
consistent with a telomere position effect'* (Fig. 1.4J).

We found age-DMRs enriched at the ends of many, but not all, chromosomes (Fig.
1.4K). The significant positive correlation between GC content and age-DMRs (Fig. S1.51)
suggests that GC content could contribute to the observed pattern across chromosomes. By
contrast, there was no enrichment at centromeres. The enrichment of DMRs was not unique to
age-related mC, but was also observed for sex-DMRs and cell type-DMRs (Fig. 1.4G). This
enrichment was also not unique to a particular cell type but was observed across multiple
excitatory and inhibitory neuron types (Fig. 1.4H, FDR <0.05).

These findings are notable given the observation of age-increased expression of genes
in subtelomeric regions in multiple tissues across a large cohort (GTEx)™. In that study, six
tissues had significant enrichment of age-increased genes in subtelomeres, including whole
blood, skeletal muscle, thyroid, and sigmoid colon, all of which have been shown to
progressively lose telomere length with advanced age. The GTEx data showed no enrichment
of age-increased genes in the subtelomeres for any of the 14 brain tissues tested, including
frontal cortex™. Despite the lower number of donors in our study, our single-cell data identified a
larger number of age-DEGs and recapitulated the enrichment of age-increased DEGs observed

in other tissues. These data indicate that post-mitotic neurons experience age-related
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alterations of gene expression, including cell-type-specific age-increased expression, in the

subtelomeric compartment.
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Figure 1.4 | Increased expression of subtelomeric genes in aged neurons.

(A) Average DNA methylation around the promoter of age-DEGs whose expression increases (red) or
decreases (blue) with age. Age-decreasing genes have higher gene body mCG, while age-increasing
genes have lower mCH both in the gene body and in the surrounding region. (B) Density of age-
differentially methylated regions (age-DMRs) around age-DEGs. Hypermethylated age-DMRs are
enriched in age-decreasing genes. Hypomethylated age-DMRs are rare, but they are enriched in the
promoters of age-increasing genes. (C-F) Distribution of age-DEGs (C), age-DMRs (D), normalized DNA
methylation (E), genes and genomic GC content (F) as a function of distance to the nearest chromosome
end. Error bars are the standard error across chromosomes, except (E) where error bars represent the
standard deviation across cell types. (G) Normalized density of age-, sex- and cell type-DMRs as a
function of distance to the nearest chromosome end. (H) Enrichment of age-increasing DEGs in
subtelomeres (<5 Mb from chromosome end). . Enrichment calculated as (observed/expected)
subtelomeric A>Y genes, where expected = (# A>Y genes)(# subtelomeric DEGs) / (# DEGs). *FDR
<0.05, Fisher exact test (I) Median telomere length in L2-4IT neurons for each donor, estimated by
TelomereHunter75. (J) Pearson correlation of pseudobulk mRNA expression with donor telomere length
for DE and non-DE genes in subtelomeric or non-telomeric regions in L2-4IT neurons. (K) Map of the

density of age-DMRs across the genome.
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1.2.8 Transcriptome and DNA methylome differences between male and female neurons

In contrast with the effect of age, sex differences in cell type proportion and global CG or
CH DNA methylation were not significant (Fig. S1.4A, Fig. S1.7A,B, FDR >0.1)%2. We detected a
total of 249 autosomal and 13 X-linked differentially expressed genes (sex-DEGs) across all cell
types; Y-linked genes were excluded from this analysis (Fig. 1.5A, Table S1.5). We also
identified 11,702 unique autosomal sex-DMRs (merged across cell types), covering 3.1 Mb
(Table S6). As previously reported, sex-DMRs also occurred throughout chrX, covering 108 Mb
(69% of the X chromosome)®**'.

Sex-specific differential expression in our dataset was consistent with analysis of
whole-tissue RNA-seq from human frontal cortex (Brodmann area BA9) in n=175 donors (GTEX,
Fig. 1.5B, Fig. S1.7C, D)>'**. The strongest correlation was with L2-4 IT neurons (Spearman
r=0.21, p <107, which represent the largest subpopulation of neurons in the frontal cortex (Fig.
1.5B, S7C). A notable example of an autosomal gene with strong sex-biased expression in our
data was protein disulfide isomerase family A member 2, PDIA2 (Fig. 1.5C,D). PDIA2, which is
reported to modulate estradiol activity through direct binding™®, is expressed 3.5-4.5 fold more
in male than female neurons.

Among the thousands of autosomal sex-DMRs, there was a similar number of regions
with increased methylation in males and in females. As an example, the long non-coding RNA,
LINCO01115, had a prominent pattern of mCG DMRs (female < male) at the promoter and 5’
intronic region in both excitatory and inhibitory neurons (Fig. 1.5F). The gene also had
significantly lower gene body mCH in females than males. Consistent with this female
hypo-methylation, LINC01115 was expressed more strongly in females than males (Fig. 1.5E).
LINCO1115 was recently reported to have a striking increase in the active chromatin mark

H3K4me3 in the prefrontal cortex of schizophrenic patients compared to controls'™’.

1.2.9 Cell-type-specific X-inactivation escape genes

23


https://paperpile.com/c/lW7as5/mR4yw
https://paperpile.com/c/lW7as5/e0vFc+4pLUU
https://paperpile.com/c/lW7as5/ONVvn+ZNtuR
https://paperpile.com/c/lW7as5/JxAtG
https://paperpile.com/c/lW7as5/W0UaK

X chromosome inactivation balances gene expression on chrX in females and males.
This process prevents accumulation of mMCH across the majority of the female inactive X
chromosome?®’. A subset of X-linked genes escapes X inactivation and accumulates high levels
of mCH in the gene body in female neurons®*=*%", Previous studies using bulk tissue samples
could not identify cell-type-specific X-inactivation escape features. Using our single cell data, we
identified 41 chrX genes with female-to-male gene body mCH ratio greater than 1.5 in at least
one cell type, which we defined as putative escapee genes (Fig. 1.5F,G). Previously identified
escape genes*'*® such as UBA1 and KDM5C had consistent escape signatures across all cell
types. However, some genes previously identified as escape genes exhibited cell-type-specific
CH methylation differences between males and females. For instance, GEMIN8 had higher
gene body CH methylation in females compared to males in excitatory neurons and
CGE-derived inhibitory neurons, but not in MGE-derived inhibitory neurons. IQSEC?2 lacks
escape signatures in VIP and SST neurons. Moreover, genes previously considered to be
subject to inactivation exhibited cell-type-specific escape signatures in our data. For example,
BCAP31 and ATP2B3 had elevated female CH methylation in excitatory neurons but not in
inhibitory neurons. By contrast, USP771 had strong escape signatures in inhibitory neurons but

not in excitatory neurons.
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Figure 1.5 | Sex differences in DNA methylation and gene expression in human neurons.

(A) Number of autosomal and X-linked sex differentially expressed genes (sex-DEGs) and differentially
methylated regions (sex-DMRs) in each cell type. (B) Comparison of the female/male expression for
autosomal sex-DEGs in neural cell types with GTEx data from bulk frontal cortex® (colors correspond to
cell types shown in Fig. 1.3A). (C) Fold-change of autosomal sex-DEGs that are significant in multiple cell
types. (D, E) Sex-specific RNA expression of PDIA2, and RNA and gene body DNA methylation of
LINCO011115. (F) CG DNA methylation in the promoter and 5’ intronic region of LINC011115, with female
hypo-mCG sex-DMRs. (G) Gene body CH methylation ratio (female/male) in 41 putative chrX escape
genes with female mCH > 0.02 and female/male mCH >1.5 in at least one cell type. (H) Scatter plots of
gene body mCH in male and female neurons for X-linked genes (gray dots) and putative escape genes
(black). Cell- type-specific X-inactivation escape genes are labeled.
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1.3 Discussion

Neurons establish a stable cell identity, encoded in the epigenome and expressed
through gene transcription, during prenatal development. Patterns of DNA methylation and gene
expression are refined postnatally as neural circuits mature38°%.13 |n contrast with the highly
dynamic trajectory of cell regulation in early life, the major epigenetic signatures that define
each cell type remain stable throughout adulthood. Despite this stability, changes in DNA
methylation at specific loci may occur due to environmental factors experienced through the
lifetime or stochastic erosion of the developmentally programmed epigenomg?6:86:91.140-142,
Epigenetic changes could impact gene expression and play a role in cognitive alterations
associated with aging. Our study provides single-cell multi-omic DNA methylation and RNA
expression information about age- and sex-related differences in the epigenome and
transcriptome of adult human frontal cortical neurons. By deeply interrogating >55,000 cells
across 11 individuals, and validating our findings with public data resources from large
populations, we uncovered cell-type-specific patterns of altered epigenetic and transcriptomic
regulation in the aged human brain.

Studies of the so-called DNA methylation clock have shown that changes in methylation
at several hundred CG sites throughout the genome constitute a broadly shared predictive
signature of age with similar features across human tissues and mammalian species'%'27.143,
Our data using whole-genome sequencing of the DNA methylome and transcriptome
(snmCT-seq'*) in the adult human cortex reveal cell-type-specific, age-related changes in each
of the specialized excitatory and inhibitory neuron types. Because our data covers the vast
majority of cytosines, including both CG and non-CG sites, we uncover widespread age-DMRs
spanning over 38 Mbp that extend far beyond the hundreds of sites used in methylation clock
models.

We found that intratelencephalic-projecting (IT) excitatory neurons in superficial (L2-4)

and middle cortical layers (L4-5) were most affected by aging in terms of both gene expression
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and DNA methylation. Age-related changes in DNA methylation correlated with age-related
changes in gene expression. Increased DNA methylation at both CG and CH sites accompanied
decreased gene expression, particularly for genes implicated in synaptic structure and function™
such as EGR1'?, NLGN1'"2, PHACTR1""3, and KCNH".

A notable example of coordinated epigenetic and transcriptomic repression of synaptic
regulation with age was the neural activity-induced transcription factor, EGR1. Distal enhancers
with age-increased CG methylation (hypermethylated age-DMRs) were enriched in the DNA
sequence motif associated with binding EGR1. A recent study suggests that EGR1 may
regulate gene expression via coordination with TET-mediated demethylation'. The
transcriptional repression of methylated reporter constructs was reversed by overexpression of
EGR1 and TET, but not by expression of either factor alone'. Our observation of lower EGR1
expression in aged donors and the enrichment of the EGR1 motif in hypermethylated
age-DMRs is consistent with this link between EGR1 and TET-mediated demethylation. Our
data extend the known role of DNA methylation in pre- and postnatal brain development, when
cell-type-specific patterns of CG and CH methylation are established as neurons acquire and
consolidate their mature identity®*. Our findings indicate that aging of the adult brain, which
broadly impacts cognitive function, coincides with coordinated changes in the DNA methylome
and transcriptome of neurons, particularly upper layer excitatory cells.

Whereas age-decreasing genes were associated with synaptic function, we found that
age-increasing genes were instead characterized by a distinctive genomic distribution. These
genes were enriched in subtelomeric regions, within ~5 Mbp of the ends of chromosomes,
consistent with a so-called telomere position effect observed in non-brain tissues in which
telomeres shorten with age’™. Moreover, we found evidence for shorter telomeres in neurons
from aged compared to young donors, although telomere length estimates from our snrmCT-seq
data are difficult to validate'. These observations suggest that up-regulation of gene

expression in subtelomeres of post-mitotic neurons may not be related to cell division. Instead,
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telomere shortening could potentially be related to DNA damage repair in neurons®'*¢. Although
there was no pattern of enrichment for specific functional annotations with subtelomeric
age-increased genes, these genes included some with notable roles such as the glucocorticoid
receptor co-chaperone FKBP5'%%1%°,

By contrast with excitatory neurons, GABAergic inhibitory cells had highly similar gene
expression and DNA methylation patterns in young adult and aged humans. GABAergic cells
had fewer age-DEGs or age-DMRs compared with excitatory neurons. Recent studies have
noted the relative conservation of inhibitory compared to excitatory neuron gene expression
across brain regions, mammalian species, and individual human donors®2%'7_ |nstead of
altered regulation, we observed a strong reduction in the proportion of two GABAergic neuron
types, SST and VIP expressing cells, in aged compared with young adult donors. The reduction
of these two neuron types has been previously inferred from deconvolution analyses of bulk
human brain tissue and single-cell brain data in aging donors® and Alzheimer’s disease
patients'28"1%3_ A recent snRNA-seq analysis of 75 human brain tissue samples from multiple
brain regions obtained from surgeries in epilepsy and cancer patients® did not identify
age-related differences in neuronal cell type composition. This discrepancy may stem from
differences in the study population or the brain regions analyzed. Additionally, our observation
could be influenced by the efficiency of sampling nuclei from distinct neuron types using our
snmCT-seq procedure, which relies on fluorescence-activated nuclei sorting (FANS) to enrich
neurons. To further validate this observation, cell counts using microscopy and/or spatial
transcriptome data are warranted.

Differences between males and females in the incidence and symptoms of
neuro-cognitive disorders including autism, schizophrenia and depression have spurred interest
in sex differences in brain cell regulation*'*®. To date, sex differences in human brain
transcriptomes have mainly been assessed using bulk tissue®>'*. Although the same cell types

are present in the frontal cortex of males and females, we found notable examples of
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cell-type-specific sex differences in gene expression and DNA methylation. We found autosomal
genes that were more expressed in males, including PDIA2, an intracellular estrogen binding
protein™®. We also found genes that were more expressed in females, including the non-coding
RNA LINC01115 which had a striking pattern of female hypo-methylated DMRs at its promoter
and gene body. Finally, we identified X-linked genes with DNA methylation signatures of escape
from X-inactivation, including genes such as GEMIN8 with cell-type-specific escape
signatures®:%’.

Our study has several limitations. First, we performed deep sequencing of >55,000 cells
from each of 11 donors, a design that enables analysis of specific brain cell types at the
expense of a broader representation of variability across more donors. The consistency of our
age- and sex-DEGs and of the pattern of subtelomeric enrichment of age-increasing genes with
GTEXx data from hundreds of donors®7%'% validates the reliability of our sample. As noted above,
our observation of the depletion of SST and VIP cells in aged donors could be impacted by
artifacts due to nuclei sorting. Finally, our study focused on neurons by using nuclei sorting with
the neuronal marker NeuN. Analysis of age-related epigenomic and transcriptomic alterations in
human glial cells is important given evidence for their role in aging and age-related disease®.

Single-cell sequencing has revolutionized biological studies by revealing the landscape
of gene regulation across diverse cell types. Our study shows that multi-omics can extend this
powerful approach to assess major dimensions of inter-individual diversity, including age and
sex. Differences in brain cell regulation between individuals are an important aspect of human
brain function and must be addressed as we seek a comprehensive understanding of brain cell

diversity'*°.
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1.4 Methods
1.4.1 Experimental Model and Study Participant Details

Human postmortem brain tissue samples from dorsolateral prefrontal cortex (Brodmann
area BA46) were acquired via the NIH Neurobiobank and included samples provided by the
Brain Tissue Donation Program at the University of Pittsburgh (IRB Protocol Number:
REN14120157/IRB981146), University of Miami Brain Endowment Bank (IRB Protocol Number:
19920358 (CR0001775)), and The Human Brain and Spinal Fluid Resource Center (managed
by Sepulveda Research Corporation) (IRB Protocol Number: PCC#: 2015-060672, VA Project #:
0002). All donors had no clinical brain diagnosis. For each donor, two independent samples
(biological replicates) were obtained either by using separate tissue punches, or in cases where
only a single tissue punch was available by separately dissecting cells from opposite sides of a
single piece of tissue. RNA integrity (RIN) values were independently tested using an Agilent
TapeStation RIN screentape. RNA for the test was isolated from tissue samples using
TRIzol-chloroform extraction and eluted on Qiagen RNeasy silica membrane spin columns after

DNase | digestion. Specific characteristics of the individuals are displayed in Table S1.1.

1.4.2 Nuclei isolation, sorting and snmCT sequencing
Nuclei isolation and FANS sorting was performed as previously described®'*°, with
added protease inhibitors to the homogenization buffer. A detailed protocol can be found at

https://www.protocols.io/view/snmcat-v2-x54v9jby1g3e/v2. snmCT-seq library preparation and

sequencing was performed as described in %1% and protocol is listed at

https://www.protocols.io/view/methyl-c-sequencing-of-single-cell-nuclei-snmc-seq-pjvdkn6

Briefly, postmortem brain chunks were ground in liquid nitrogen and stored at - 80 °C. The
ground tissue was then lysed and fractionated to collect nuclei. The purified single-nuclei were
stained with nuclei stain Hoechst 33342 and anti-NeuN antibody AlexaFluor 488 followed by

fluorescence-activated nuclei (FANS) sorting into 384-well plates, where cDNA was reverse
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transcribed and amplified. The samples were bisulfite converted in each well. Finally, the
libraries were sequenced by the Illlumina NovaSeq 6000 instrument with S4 flowcells and

150-bp paired-end mode.

1.4.3 Mapping snmCT-seq data

We pre-processed snmCT-seq data as previously described® % using pipeline
(http://cemba-data.readthedocs.io/). The snmCT-seq library contains both DNA- and
RNA-derived (cDNA) fragments. To separate these reads from each modality, we mapped reads
in both DNA mode and RNA mode and then separated them by the total methylation level in
each read. The main steps were: (1) trimming adapters, (2) DNA mapping, (3) call methylation
level and extract DNA reads, (4) RNA mapping, (5) call methylation level per read and extract
RNA reads, and (6) RNA expression quantification.
(1) Trimming: Cutadapt (v4.1)"? in pair-end mode was used to trim reads with R1 adapter
(AGATCGGAAGAGCACACGTCTGAAC), R2 adapter
(AGATCGGAAGAGCGTCGTGTAGGGA), template switching oligo (TSO)
(AAGCAGTGGTATCAACGCAGAGTGAATGG), N6 (AMAGCAGTGGTATCAACGCAGAGTAC),
ISPCR(AAGCAGTGGTATCAACGCAGAGT), poly T and polyA. Low quality ends (-q 20) and 10
bps from both the 3’ and 5’ end are further trimmed. Reads shorter than 30 bps were discarded.
(2) DNA mapping: Reads were mapped to the human genome assembly GRCh38 (hg38)
using Hisat-3n (v2.2.1-3n-0.0.3)"* with parameters: --base-change C, T, --no-spliced-alignment;
--no-temp-splicesite; --directional-mapping-reverse. Unmapped reads (MAPQ=0) were
discarded while unique-mapped reads (MAPQ=60) and multi-mapped reads (MAPQ=1) were
kept separately. PCR duplicated reads were removed using Picard MarkDuplicates (v2.27.4).
(3) Call methylation level and extract DNA reads: Reads with global CH methylation level

less than 0.5 were collected as DNA reads.
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4) RNA mapping: Reads were mapped to hg38 using Hisat2 (v2.2.1)"* using default
parameters. Multi-mapped reads were removed.

(5) Call methylation level and extract RNA reads: Reads with global CH methylation level
greater than 0.9 were collected as RNA reads.

(6) RNA expression quantification: featureCounts (v2.0.1)"*® was used to assign reads to
gencode v37 genes including both exon and introns (-t gene) with fraction setting (--fraction) to

evenly distributed reads mapped to overlapped features.

1.4.4 Personalized genome sequencing and mapping

The genomic DNA was extracted from ground frozen postmortem brain tissue. The
library preparation and sequencing were performed as described in ™.
Reads from personalized genome sequencing were mapped to human genome assembly
GRCh38 (hg38) as follows. Reads were first timmed with Illlumina adaptor sequencing using
trim_galore (v0.6.7). 10 bp from the 3' end from read1 and read2 were also removed. The
trimmed reads were mapped by bwa mem (v0.7.17)"8, deduplicated by Picard MarkDuplicates
(v2.27.4), and SNPs were called using the Genome Analysis Toolkit (GATK, v4.2.6.1) as
instructed in the GATK tutorial'’. For each donor, cytosines and adjacent downstream(3’) sites
which overlap homozygous SNPs called from any donor, were removed for the downstream

methylation analysis.

1.4.5 Cell filtering

The criteria for a cell to pass DNA methylome quality control were: (1) DNA unique
mapped read count > 300,000, (2) mapping rate > 0.5, (3) global mCG level > 0.5, (4) global
mCH level < 0.2, and (5) global mCCC level < 0.03. The criteria for a cell to pass RNA quality
control were: (1) number of genes detected > 500, (2) percent of mitochondria reads < 10%,

and (3) doublet score (called by scrublet'®) < 0.3.
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1.4.6 Feature filtering

100kb methylation bin features were filtered by coverage and blacklist regions. Bins with
mean number of covered cytosine <500 or >2000, or overlapped with ENCODE blacklist'®
regions were removed for the clustering. Genes expressed in fewer than 100 cells were

removed for further analysis.

1.4.7 Clustering and cell type annotation

Clustering was performed using non-CG DNA methylation features in 100kb bins
throughout the genome, as previously described*>*°. The top 20,000 most variable principle
components of the 100kb bins were used to construct the KNN graph using
scanpy.pp.neighbors with k=25. Next, the KNN graph was used to perform clustering using the
Leiden community detection algorithm' with leiden resolution 1. Consensus clustering was
performed by repeating the cluster analysis 500 times with the same resolution (0.7) and
different random seed. Clusters were then merged using a balanced random forest classifier
(imblearn.ensemble.BalancedRandomForestClassifier'®') trained using 50% of cells per cluster,
while limiting the maximum number of cells to 500 in each cluster to avoid large clusters
dominating the training dataset. The merging process stops when it reaches the target accuracy
(0.96). Overall, the clustering process is done by ConsensusClustering function in ALLCools
(https://Ihging.github.io/ALLCools). Clusters with a high duplication ratio or containing less than
300 cells were excluded from the downstream analysis. Clusters were then annotated based on

cell type marker gene expression and gene body methylation features.

1.4.8 Differential expression and gene ontology
We merged nuclei from each sample for each cell type to get peudobulk counts. Protein

coding and IncRNA genes from chromosomes 1-22 and X with counts per million (CPM) >5 in at
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least 2 samples are defined as “expressed genes”. Differential expression testing was
performed separately for each cell type and each comparison (aged vs, young or female vs.
male) using Dream'®? (variancePartition v1.28.9, edgeR v3.40.2). Specifically, calcNormFactors
was used to control for the raw library size from the raw counts. Then, voomWithDreamWeights
and dream were used to prepare for the linear mixed model fit from the normalized count and
design matrix. The model included fixed effects of age and sex, and a random intercept by
donor: expression ~ age + sex + (1| donor). Low RNA quality samples, including AM2, AM3
and AF2A were excluded from the differential expression testing. Finally, after testing the
generalized linear mixed model for each gene, genes with absolute fold-change greater than 1.2
and adjusted p-value < 0.05 are defined as differentially expressed genes (DEGS) in our
analysis.

To control for the number of nuclei for each cell type from each condition, we also
applied the differential expression test after randomly selecting 50 cells from each sample for
each maijor cell type. The subsampling and DEG testing was repeated five times. The median,
25th and 75th quantile of the number of differentially expressed genes are shown.

Functional gene ontology (GO) enrichment analysis was performed using clusterProfiler
(v 3.14.3)"%. All expressed genes in each cell type were included as the background gene list.
Gene ontology with gene size between 25 and 500 were included in the enrichment test. The

Benjamini-Hochberg method was used to control the false discovery rate.

1.4.9 Differential methylation analysis

We created pseudobulk counts for nuclei from each donor for each cell type and tested
each CpG site between each condition comparison (aged vs. young or female vs. male) to
detect differentially methylated regions (DMRs) using DSS'%'"° (DSS v2.34.0, bsseq v1.22.0).
DMLfit.multiFactor was applied with model formula: mCG~age + sex, with a smoothing window

size 500 bp. Next, DMLtest.multiFactor was used to call differentially methylated loci. Finally,
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callDMR was used to merge significantly differentially methylated loci (p < 0.01) with a distance
smaller than 50 bp. Merged regions with a length greater than 50 bp and containing at least 3
CpG sites are called differentially methylated regions (DMRs).

To control for the number of nuclei for each cell type from each condition, we also apply
the differential methylation test after randomly subsampling 100 cells from each donor for major
cell types. The subsampling was done five times. The median, 25th and 75th quantile of the

number of differentially methylated regions are shown.

1.4.10 DMR enrichment test

We utilized the chromHMM annotations of 15 chromatin states derived from human
frontal cortex tissue'?. For each chromatin state, we computed the overlap in base pairs (Ntrue)
between the DMRs and the designated state regions. Subsequently, this process was repeated
1,000 times, each time with the DMRs randomly shuffled across the genome. The number of
base pairs overlapping between shuffled DMRs and the chromatin state region are fitted using a
normal distribution. Finally, Ntrue was used to compare with the distribution to derive both the
z-score and the associated p-value. The Benjamini-Hochberg method was used to control false

discovery rate.

1.4.11 Methylation level in genomic regions

The methylation level in a defined region is calculated by summing over the total
coverage of methylcytosine and dividing it by the sum of the total coverage of cytosine. The
calculation is performed using allc-to-region-count function in ALLCools

(https://Inging.github.io/ALLCools).

1.4.12 DNA methylation valleys (DMVs)
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To call DNA methylation valleys (DMVs), we first identified undermethylated regions
(UMRs) and low methylated regions (LMRs) using MethylSeekR'®*. We used methylation cutoff
m=0.5, minimum number of CpG, n=10, and FDR < 0.05 as parameters for detecting UMRs and
LMRs. DMVs were defined as UMRs with length 25 kb and mean methylation level <15%. We
detected 645-1546 DMVs in each cell type and 35%-63% of them overlapped with the DMV's

detected in human embryonic stem cell-derived neural progenitor cells'?.

1.4.13 Estimation of telomere content from snmCT-seq

We estimated telomere content as a proxy of telomere length from snmCT-seq dataset
using TelomereHunter (v1.1.0) "3, In short, TelomereHunter first searched for reads with
telomeric repeats from pre-aligned BAM files, and then classified the selected reads into four
categories: intratelomeric, junction spanning, subtelomeric and intrachromosomal, using their
alignment information.

We first generated per-cell BAM files that contained unmapped reads by re-running
Hisat-3n, followed by de-duplication using Picard MarkDuplicates. Next, RNA reads identified
from our previous steps described in the “Mapping snrmCT-seq data” section were excluded.
The resulting BAM files were used as the input of Telomerehunter to search for t-type
(TTAGGG) telomeric repeats as well as c-type (TCAGGG), g-type (TGAGGG) and j-type
(TTGGGG) telomeric variant repeats. Reads were considered as telomeric reads if they
contained at least 6 repeats per 100 bp read length. Given the number of reads of comparable
GC content (48-52%) was low per cell, we used the number of uniquely mapped DNA reads in
each snmCT-seq library as the normalization factor. The telomere content for each cell was
computed as the number of intratelomeric reads divided by the number of uniquely mapped

DNA reads, and multiplied by 10°.

1.4.14 Predicting X-inactivation escape genes

36


https://paperpile.com/c/lW7as5/94BzD
https://paperpile.com/c/lW7as5/FomW7
https://paperpile.com/c/lW7as5/CqkoA

To identify the candidate of X-inactivation escape genes with high signal to noise ratio,
we first computed the average mCH level across female donors and all cell types. Genes with
mean mCH level smaller than 0.2 were excluded. Additionally, we retained only genes
expressed (expression level >0) in all cell types. Finally, X-linked genes with female-to-male
gene body mCH ratio greater than 1.5 in at least one cell type were listed as putative escapee

genes.

1.4.15 Quantification and Statistical Analysis

Statistical significance was assessed by Wilcoxon rank-sum test (scipy.stats.ranksums)
for Fig. 2A and Fig. 41, and corrected for multiple comparisons using the Benjamini—-Hochberg
false discovery rate (FDR) procedure (statsmodels.stats.multitest.fdrcorrection) for Fig. 2B, 3L
and Fig. S4A-D, S7A,B. Statistical significance was assessed using Fisher’s exact test
(scipy.stats.fisher_exact) with Benjamini-Hochberg FDR correction for Fig. 4H. For Fig. S5G,
significance was assessed using Fisher’s exact test implemented in the HOMER software'?®
(g-value (Benjamini)). The values of n (number of donors) and significance were reported in

results and figure legends.
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Supplemental Figure 1.1 | Quality control (QC) metrics for shrmCT-seq data, related to Figure 1.1.
(A) QC for DNA. Number of DNA reads, mapping rate, genome-wide mCG, mCH, mCCC level for all
nuclei grouped by samples. The last column shows the number of total nuclei (open) and the number of
nuclei passing DNA QC for each donor (filled, DNA unique mapped read count > 300,000, mapping rate >
0.5, mCG > 0.5, mCH level < 0.2, and mCCC < 0.03). (B) QC for RNA. Number of RNA reads, number of
detected genes, percentage of reads mapped to the mitochondrial genome, and doublet score for all
nuclei grouped by samples. The last column shows the total number of nuclei (open) and the number of
nuclei passing RNA QC for each donor (filled, number of detected genes > 500, percent of mitochondria
reads < 10%, and doublet score < 0.3). (C) UMAP embedding of snrmCT-seq cells based on mRNA
expression. Cells are colored according to their cell type annotation based on mCH features, as in Fig.
1.1B. (D) Confusion matrices showing consistent cell type assignments using mCH, mCG or mRNA
features. (E) Number of nuclei per cell type per donor. (F) Proportion of nuclei. (G) UMAP embedding of
nuclei colored by donor, donor age, donor sex. Markers show centroids of cells by type from young (x)
and aged (circles) or male (square) and female (plus) donors. (H) UMAP embedding of nuclei colored by

genome-wide mCG, mCH.
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Supplemental Figure
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related to F
Heatmap shows Spearman correlation between pseudobulk RNA expression (log2(CPM+1)) in our data

and pseudobulk RNA expression (log2(CPM+1)) from AIBS multi-cortex data® for excitatory (A) and

published snRNA-seq data

neurons (B). The correlation is calculated using the top 500 most variable

autosomal protein-coding genes.
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Supplemental Figure 1.3 | Correlation between samples, cell types and relation between DNA
methylation and RNA expression, related to Figure 1.1.
(A) Spearman correlation between RNA expression and gene body CH methylation, stratified by gene
length (left) or gene expression (right). (B) The relation between gene body mCH and mRNA expression
for each cell colored by cell types. (C) Pearson correlation of mMRNA expression (left), gene body CG
(middle) and CH (right) methylation between samples in L2-41T neurons. The correlation was calculated
by the top 10,000 variation features. (D) Pearson correlation of mRNA expression (left), gene body CG
(middle) and CH (right) methylation between cell types in one donor. The correlation was calculated by
the top 10,000 variation features.
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Supplemental Figure 1.4 | Cell type proportions and global DNA methylation changes in aging,
related to Figure 1.2.
(A) Proportion of all neuron types in young and aged donors. Significant differences between aged and
young donor groups are labeled (FDR < 0.1 from Wilcoxon rank-sum test and Benjamini—-Hochberg
correction, n=5 for young donors, n=6 for aged donors). (B, C, D) Genome-wide CG (B), CH (C) and CA
(D) methylation in young and aged donors. Significant differences between aged and young donor groups
are labeled (FDR < 0.2 from Wilcoxon rank-sum test and Benjamini-Hochberg correction, n=5 for young
donors, n=6 for aged donors). (E) Number of age-DEGs in our study overlapping with age-DEGs from
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GTEX™. (F) Cell type prioritization in aging using Augur™*.
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Supplemental Figure 1.5 | Functional enrichment of age-related transcriptome and DNA
methylome changes, related to Figures 1.2, 1.3.

(A,B) Gene ontology (biological process) enriched (FDR <0.001) in all downregulated age-DEGs in (A)
excitatory neurons and in (B) inhibitory neurons. (C) Gene ontology (biological process) enriched (FDR
<0.01) in all upregulated age-DEGs in inhibitory neurons. (D) Expression of top 4 genes has significant
age effects in most number of cell types in aged and young donors. * significantly age-DEGs (FDR < 0.05
and | fold-change | > 1.2). (E) Log2 fold-change of RNA expression in immediate early genes. * FDR
<0.1, ** FDR <0.05 (F) Enrichment of age-DMRs in ChromHMM annotated regions. The number of
overlapping base pairs was calculated for the set of age-DMRs with each annotation. A baseline was
calculated by shuffling the age-DMRs across the genome and overlapping the shuffled DMRs and the
annotated regions. The shuffling process was repeated 1,000 times. A normal distribution was fitted for
the shuffled results and then compared with the data to get the z-score and p-value. Only significant
enrichment/depletion (FDR <0.01) are shown. (G) EGR1 motif enrichment in hypermethylated age-DMRs
for all cell types. * FDR <0.05 (H) Motif enrichment of hypomethylated age-DMRs. Only motifs
significantly enriched (FDR <0.001) in more than 1 cell type are shown. (I) The relationship between
density of age-DMRs and GC content within and outside of subtelomere regions.
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Supplemental Figure 1.6 | Negative correlation between the change of mRNA expression and DNA
methylation in aging, related to Figure 1.3.

(A) Scatter plots showing significant age-DEGs (colored points) correlated with the age change in gene
body mCH for each cell type. Gray points show the union of age-DEGs from all cell types. (B-D)
Spearman correlation coefficient between the age change of DNA methylation (aged - young) and the
fold-change in gene expression in the union of age-DEGs from all cell types (B), age-DEGs (C), and all
expressed genes (D). * FDR <0.01, Benjamini—-Hochberg.
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Supplemental Figure 1.7 | Sex differences in snhmCT-seq data (this study) are consistent with
published snRNA-seq and WGBS data, related to Figure 1.5.

(A,B) Genome-wide CG (A) and CH (B) methylation in male and female donors. No significant differences
between male and female donor groups. (FDR > 0.2 from Wilcoxon rank-sum test and
Benjamini—-Hochberg correction, n=6 for male donors, n=5 for female donors). (C) Comparison of the
regulation of autosomal RNA expression between females and male in our data (y-axis) and significant
sex-DEGs in GTEXx (x-axis). Gray dots: significant sex-DEGs in GTEx data. Red dots: overlapped
sex-DEGs in GTEx data and our data. (D) Comparison of the regulation of X-linked RNA expression
between females and males in our data and significant sex-DEGs in GTEx data®. * significantly sex-DEGs
in our data. (E, F) Scatter plots of X-linked gene body mCH (E) or promoter mCG (F) in male and female
(gray dots). Black dots are the 41 genes shown in (Fig. 1.5G). Putative cell type-specific X-inactivation
escape genes are labeled.
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Chapter 2 Dynamics of cell-type-specific DNA (hydroxy)methyl-cytosine in human

cortical neurons during postnatal development and aging

2.1 Introduction

DNA methylation is a key epigenetic process that has been recognized for its crucial role
in regulating gene expression and maintaining cellular identity. DNA methylation typically occurs
in two main contexts: CG dinucleotides (CG) and non-CG contexts (CH, where H can be A, T, or
C). CG methylation is common across most tissues and cell types. In contrast, CH methylation
is prevalent in neurons®*® and accumulates during postnatal development3*<°,

A subset of methylcytosine (mC) undergoes further conversion to hydroxymethylcytosine
(hmC) via TET enzymes®2. However, the functional role and lifelong dynamics of hmC in human
neurons remain largely unknown. In the brain, the dynamics of mC and hmC are particularly
important due to their abundant presence in neurons®-°''%> and significant accumulation during
early development'®5-' in parallel with the genome-wide increase of CH methylation331¢°,

The further oxidation of hmC has been proposed to mediate active demethylation
processes, contributing to a closed cycle converting C to mC to hmC and returning to C via one
of several potential pathways'*'". The dynamics of (h)mC could be critical for cognitive
development and neural function'®®'72, Specifically, the interaction between hmC and the
methyl-CpG-binding protein MECP?2 is critical for understanding the molecular pathology of
neurodevelopmental disorders such as Rett syndrome?®°0173174 - Additionally, alterations in hmC
levels have been associated with the pathogenesis of neurodegenerative diseases, including
Alzheimer’s disease'®"7>17¢,

Despite the recognition of DNA methylation and hydroxymethylation as pivotal
epigenetic mechanisms in neuronal function, comprehensive studies detailing the dynamics of
these modifications in specific neuron subtypes across the lifespan are limited. Although single

cell bisulfite sequencing has revealed a highly cell type specific landscape of total
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methylation'""7="7° profiling hmC with single cell resolution has so far been limited to small
scale samples'8-183,

To address these scientific gaps, we used whole-genome bisulfite sequencing (BS-seq)
and oxidative bisulfite sequencing (OxBS-seq) to distinguish mC and hmC in nuclei of
glutamatergic (Glu) and of medial ganglionic-eminence derived GABAergic (MGE-GABA)
neurons from the human prefrontal cortex. We collected a large-scale dataset with postmortem
samples from 103 donors representing the entire postnatal lifespan in both males and females.
Our findings reveal distinct patterns of age-related changes in DNA methylation and gene
expression, providing insights into the regulatory mechanisms that influence neuronal function

and plasticity throughout the human lifespan.

2.2 Results
2.2.1 Genome-wide conversion of mC to hmC during human postnatal brain development

We collected human prefrontal cortex (Brodmann area BA9) samples from 102 donors
ranging from 38 days to 77 years old (Fig. 2.1A). We categorized the donors into six age groups
including Infancy (0-1 year old (yo)), Early Childhood (1-5 yo), Late Childhood (5-12 yo),
Adolescence (12-20 yo), Early Adulthood (20-50 yo) and Adulthood (50-80 yo) (Fig. 2.1A).

We applied multicolor fluorescence-activated nuclei sorting (FANS) to separate two
major neuronal classes using antibodies to label two neuronal markers, NeuN and Sox6. We
defined a population consisting mainly of excitatory glutamatergic neurons (Glu, NeuN+/Sox6-)
and a medial ganglionic eminence-derived inhibitory GABAergic interneurons (MGE-GABA,
NeuN+/Sox6+) population. The MGE-GABA cells include the parvalbumin (PV) and
somatostatin (SST) expressing populations'®* 8418 Note that the Glu population also includes a
small proportion of non-MGE-derived GABAergic neurons, such as VIP and LAMP5 expressing
cells. We profiled the sorted nuclei using RNA sequencing (RNA-seq) to assess gene

expression, whole genome bisulfite sequencing (BS-seq) to quantify total modified cytosine
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(total mC = mC + hmC), and oxidative bisulfite sequencing (OxBS-seq) to quantify
methylcytosine (mC)?. The level of hydroxymethylcytosine (hmC) was calculated as the
difference between the total mC and mC. In total, we generated 116 transcriptomes and 338
methylome samples, with more than 80 billion total sequenced reads. On average, we obtained
15-fold genome coverage per sample in BS-seq, and 12-fold coverage per sample in OxBS
(Fig. S2.1A).

Overall, the deeply sequenced transcriptomes and DNA methylomes were highly
consistent across subjects. There was a high degree of correlation of transcriptome (RNA),
gene body total CG methylation level (total mCG), CG methylation level (mCG) and non-CG
methylation level (MCH) across the samples (Fig. S2.1B). The Spearman correlation of samples
from donors within the same age group (RNA: 0.96 + 0.00; total mCG in gene bodies: 0.98 +
0.00; mCG: 0.98 £ 0.00; mCH: 0.96 = 0.03) was higher than across age groups (RNA: 0.93 £
0.04; total mCG: 0.97 £ 0.01; mCG: 0.96 + 0.02; mCH: 0.93 £ 0.04). The correlation between
different neuronal classes (Glu vs. MGE-GABA) within each age group was much lower (RNA:
0.88 £ 0.02; total mCG: 0.93 £ 0.01; mCG: 0.92 £ 0.01; mCH: 0.87 + 0.04). Notably, samples
from the Infancy group were less correlated with samples from other age groups and
demonstrated less distinction between the neuronal classes (Fig. S2.1C).

Principal component analysis (PCA) of transcriptomes and DNA methylomes showed a
clear separation between neuronal classes and ages by the first two PCs. While the first two
PCs accounted for more than 50% of the variance in DNA methylation, they explained
considerably less variance in RNA expression. Interestingly, the separation between the
neuronal classes became more pronounced with increasing age, especially for the methylation
marks, suggesting that the distinct molecular identities of excitatory and inhibitory neurons are
refined and increasingly differentiated during early childhood (Fig. 2.1B).

Previous studies have reported that hmCG is enriched in neurons, with a higher

concentration in GABAergic neurons than Glu cells'®. Consistent with this, we observed higher
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levels of mMCG in MGE-GABA (~54%) compared with Glu (~44%) and higher levels of hmCG in
Glu (~37%) compared with MGE-GABA (~30%) in early adult samples'® (Fig. S2.1D). Our data
from samples across the lifespan enabled us to analyze the dynamic changes of mC and hmC
throughout the genome. We observed a genome-wide decrease of mCG and concomitant
increase of hmCG levels across the lifespan, consistent with a gradual conversion of
methylcytosine to hydroxymethylcytosine. A larger fraction of mCG was converted to hmCG in
Glu (25%) compared to MGE-GABA neurons (21%) (Fig. 2.1C, S2.1D). In contrast, the total
mCG level (mCG + hmCG) changed by less than 3% in both cell types, suggesting that loss of
mCG is largely balanced by gain of hmCG.

Neurons accumulate substantial non-CG methylation during childhood?3°%3%%_\We
observed an accumulation of non-CG methylation (mCH) levels during development from 1% to
6%. By contrast, non-CG hydroxymethylation (hmCH)remained low at less than 2% (Fig. 2.1C,
S2.1D). The genome-wide methylation level changes most rapidly in the first 20 years of life.
The change in genome-wide methylation levels can be fitted well by an exponential model
(R-squared = 0.84~0.89 in mCG and hmCG for both neuronal classes), with the fitted time
constants representing the time scale of methylation conversion (mCG: 4.9 + 0.7 years Glu, 11.9

+ 1.4 years MGE-GABA; hmCG: 4.4 + 0.5 years Glu, 6.4 + 0.9 years MGE-GABA).
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Figure 2.1 | Mapping dynamic changes of genome-wide DNA (hydroxy)methylation and gene
expression in two major neuronal subtypes across lifespan.

(A) Number of samples in this dataset. (B) Principal component analysis (PCA) of gene expression, gene
body total mCG, mCG, and mCH levels across age groups and neuronal classes. (C) Genome-wide
methylation levels across age. t is the time constant fitted from the data. The time constant fitted from the

data and the standard deviation are labeled on each panel. SCZ: schizophrenia.
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2.2.2 Age-related changes in gene expression across human lifespan

We examined the transcriptomic consequences of postnatal development and aging by
analyzing differentially expressed genes between age groups (age-DEGs). We found 8,109
age-DEGs (FDR < 0.05, Table S2.2) in at least one pairwise comparison between the age
groups in at least one neuronal class (Fig. S2.2A).

The aging changes were highly consistent with single nuclei human brain mRNA
measurements from the PsychENCODE consortium and other studies with up to n=388 donors
(Pearson correlation of log-fold change, r = 0.62 between Glu and L2/3 IT with more than 3300
age-DEGs genes overlapped; r=0.69 between GABA and SST (>1600 genes), Fig. S2.2B,
C)"84 The age-DEGs represent 58% of all expressed genes in both neuronal classes,
suggesting that childhood brain development and aging have a substantial impact across most
of the neuronal transcriptome.

We found more age-DEGs in Glu neurons (6,808 unique genes) compared with
MGE-GABA neurons (4,929 unique genes). Of these, 1,981 (24%) were differentially expressed
between early childhood and infancy (Fig. S2.2A). We observed a median of 1.3-fold more
genes being downregulated compared to upregulated with age across all pairwise comparisons,
consistent with a progressive refinement of the neuronal gene expression program.

We clustered the age-DEGs into five groups based on their pattern of dynamic
regulation: early downregulated (Early-Down, Glu/MGE-GABA: 782/537 genes), late
downregulated (Late-Down, 2,692/2,065), early upregulated (Early-Up, 509/289), late
upregulated (Late-Up, 2,597/1,985), and non-monotonic (Non-Mono, 228/53) (Fig. 2.2A). Early
downregulated genes, whose expression declines starting in infancy (1 year old), were enriched
in pathways crucial for neuronal development, such as protein synthesis, cell adhesion, and
axon guidance'®'®, For example, DRAXIN, an axon guidance gene that is highly expressed in
the developing brain'®"'® was downregulated by up to 4-fold in early childhood compared to

infancy in both neuronal classes (Fig. 2.2A). In contrast, late downregulated genes, whose
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expression decreases starting in childhood or later, were enriched in more specific pathways
such as regulation of trans-synaptic signaling, synapse organization, and telencephalon
development, which are essential for advanced neural communication and establishing neural
circuits (Fig. 2.2B). For example, KCNG1, which encodes voltage-gated potassium channels,
was 1.9 /4.7 -fold decreased in late childhood compared to infancy in Glu / MGE-GABA
neurons (Fig. 2.2A). This suggests a shift towards more specialized neural activities and
cognitive functions®'®°, Notably, a group of activity-dependent genes, known as the late
response genes, such as IGF1 and PNOC, were significantly enriched in the late downregulated
group (Fig. S2.2D, E). This finding highlights the critical role of late downregulated genes in
synaptic plasticity'®.

In contrast with the downregulated genes, we found fewer upregulated genes during
postnatal development. The upregulated genes did not have a clear pattern of functional
enrichment (Fig. 2.2B). This suggests that as neurons age, the expression of genes tightly
regulated during early development collectively decreases, while genes related to more mature,
cell-type-specific functions may increase'’®.

The vast majority of DE genes had monotonic patterns of increased or decreased
expression across the lifespan. A small but notable group of non-monotonic genes (228 genes
in Glu and 53 genes in MGE-GABA) exhibited significant upregulation in some age group
comparisons and downregulation in others. For example, the gene MICAL2, which is involved in
cytoskeletal dynamics and organ development'’, increased 0.48-fold from infancy to
adolescence, but then decreased 0.42-fold from adolescence to adulthood in MGE-GABA.
Another example is ARHGAP10, which is involved in small GTPase signaling'®, increased
1.1-fold from infancy to early childhood, but then decreased 3.1-fold from early childhood to
adulthood in Glu (Fig. 2.2A, C).

The majority (92%) of the age-DEGs present in both neuronal classes were regulated in

the same direction in Glu and MGE-GABA cells. We observed a subset (58 genes) that had
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age-dependent monotonic regulation in opposite directions between Glu and MGE-GABA
neurons. For instance, genes related to synaptic signaling, such as SLC6A7"%,

CADPS2'%* OLFM3'%° | KCNS2¢ and KCNIP4'"’, had similar expression levels in both Glu and
MGE-GABA neurons during infancy, but with age, they were upregulated in Glu neurons and
downregulated in MGE-GABA neurons . Conversely, the G protein-coupled receptor gene
GPRC5B shows an opposite trend: it was upregulated with age in MGE-GABA neurons and
downregulated in Glu neurons. CPNEB, a brain-specific gene associated with synaptic
plasticity'®®, was more strongly expressed in Glu neurons during early development, but after

adolescence it showed a stronger expression in MGE-GABA neurons (Fig. 2.2C).

2.2.3 Expression of age-DEGs correlates with reduced gene body mCG and increased
hmCG

Although a negative association between DNA methylation and gene expression is
widely observed, it is not clear to what extent changes in mC during development and aging
relate to corresponding changes in gene expression. We found that genes whose expression
increases from early childhood to adolescence exhibit a more pronounced conversion of mCG
to hmCG compared with genes that are downregulated in this period (Fig. S2.3A), consistent
with previous findings that hmCG is enriched in highly expressed genes®. Genes whose
expression decreases with age gain substantially more mCH in their gene bodies. Whereas
changes in mCG and mCH were observed not only within gene bodies but also upstream of the
transcription start sites (TSS), the differences in hmCG were primarily observed within the gene
bodies (Fig. S2.3A).

We directly correlated the RNA expression fold change with the DNA methylation fold
change in 1kb bins within the flanking regions of TSS of age-DEGs across all pairwise

comparisons. We observed a strong negative correlation for mCG and a strong positive
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correlation for hmCG in gene bodies, while there was a strong negative correlation for mCH
upstream of TSS regions (Fig. 2.2D, S2.3B, C, D).

Next, for each gene, we developed a regularized regression model using LASSO to
predict gene expression levels based on the methylation features (MCG, hmCG, and mCH)
across different genomic regions: promoter (TSSx1k), gene body, and genome-wide
methylation. Features were standardized first, and then 5-fold cross-validation was used to
conduct a grid search for the best penalty parameter (10 to 1). The average cross-validated
(test set) correlation between predicted and actual gene expression for each donor is 0.66,
indicating that while methylation and hydroxymethylation dynamics are crucial in regulating
age-related gene expression changes, other biological mechanisms, such as activating and

repressive histone modifications, may also be involved®’'%,
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Figure 2.2 | Correlated transcriptome and DNA methylome changes in the developing human

(A) Five groups of age-DEGs based on their pattern of dynamic regulation: early downregulated
(Early-Down), late downregulated (Late-Down), early upregulated (Early-Up), late upregulated (Late-Up),
and non-monotonic (Non-Mono). (B) Gene ontology of age-DEGs from the five groups. Top five significant
(FDR<0.05) terms in biological pathway and molecular function were shown. (C) Example genes with
opposite expression trends with age in the two neuronal classes. Normalized methylation was calculated
as the gene body methylation level divided by the genome-wide methylation level of the sample. (D)
Spearman correlation between RNA expression fold change and DNA methylation fold change within the
flanking regions of TSS of age-DEGs across all pairwise comparisons (solid line). Dashed lines represent
the correlation between shuffled fold changes of RNA and DNA methylation from the age-DEGs.



2.2.4 Dynamics of DNA methylation and age-related differentially methylated regions

Different genomic regions regulate various functions and thus exhibit distinct methylation
dynamics. Generally, methylation levels are inversely related to genomic activity. For example,
transcription start sites (TSS) typically have low levels of mCG, hmCG, and mCH, whereas
gene bodies show intermediate levels of these methylation marks that correlate with the gene’s
expression level. Repressive regions, such as L1HS retrotransposon-derived sequences, are
characterized by high mCG, low hmCG, and low mCH (Fig. S2.4A).

We examined DNA methylation valleys (DMVs), defined as extended regions (=5 kb)
with low average mCG (<15%), which play a crucial role in development*®'282%° These regions
are typically marked by the histone modification H3K27me3, which is associated with polycomb
repressive complex 2 (PRC2). Using total mCG data, we identified 500-700 DMVs which were
largely conserved across all age groups for each neuronal class (Fig. S2.4B). Both the number
and length of DMVs decreased with age, consistent with previous findings in human and mice
neurons®'2'. DMVs exhibited low levels of mCG, hmCG, and mCH, with minimal changes over
the lifespan (2% of mCG, 3% of hmCG, and 0.5% of mCH, Fig. S2.4A). Given the role of DMVs
in development, we hypothesized that the expression of genes within DMVs would change with
age. Indeed, we detected an enrichment of downregulated age-DEGs in DMVs (p<0.001,
Fisher’s exact test, Fig. S2.4C), with the mean expression of these genes decreasing with age
across all levels of gene expression (Fig. S2.4D).

To detect genome-wide DNA methylation variations with age, we fit linear regression
models to 10kb bins across the genome. We detected significant (FDR<0.01) changes in total
mCG, mCG, or hmCG in more than 99% of the genome. Among these bins, 90% showed a loss
of mCG and a gain of hmCG with age, while total mCG either increased or remained constant.
Additionally, we identified a small number of bins that lost total mCG, mCG, and hmCG (n=102
in Glu, 24 in MGE-GABA) (Fig. S2.4E). Bins losing total mCG were enriched in active genome

regions, such as transcription start sites (TSS) and enhancer regions (Fig. S2.4F).
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We further detected age-related differentially methylated regions (age-DMRs) by
pairwise age group comparisons on autosomes. In total, we detected more than 280,000
age-DMRs where total mCG changes with age,covering 8.5% of the genome in Glu and 4.7% in
MGE-GABA. Using our OxBS-seq data, we found 720,000 mCG age-DMRs covering 26% of
the genome in Glu and 18% in MGE-GABA (Fig. S2.5A). These data show that changes in
mCG are more widespread than the total methylation changes observed with BS-seq. We
clustered age-DMRs called from total mCG into five groups based on mCG and hmCG
dynamics: late hypomethylation (Late-Hypo), early hypomethylation (Early-Hypo), late
hypermethylation (Late-Hyper), early hypermethylation (Early-Hyper), and de-methylation
(De-M) (Fig. 2.3A, S2.5B).

Most DMRs exhibited an increase in total mMCG and hmCG with age. However, a subset
of DMRs (8.5% in Glu and 4.5% in MGE-GABA) showed a loss of both mCG and hmCG (Fig.
2.3C). Those de-methylation DMRs had higher hmCG and lower mCH in infancy compared with
other age-DMRs (Fig. 2.3B, S2.5C) and were enriched in enhancers mapped by chromHMM
using multiple ChIP-seq histone modification data obtained in the human prefrontal cortex'??
(Fig. 2.3D, S2.5D), as well as neuronal activity-regulated transcription factor motifs identified by
HOMER' (Fig. 2.3E, S2.5E). Examples of de-methylation DMRs in both neuronal classes,
Glu-specific and MGE-GABA specific are shown in Fig. 2.3F.

To quantify the dynamics of DNA methylation conversion in each DMR, we developed a
dynamical model to estimate the time scales of DNMT3A-dependent methylation of cytosine (C)
to methylcytosine (mC), TET-dependent oxidation of mC to hydroxymethylcytosine (hmC), and
the subsequent demethylation (hmC to C) (see Methods). Our model reveals that the
de-methylation group of DMRs exhibits a longer time scale (~10 years) for converting C to mC
compared to the time scales for mC to hmC and hmC to C, as well as compared to other DMR

groups. (Fig. S2.5F).
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Interestingly, we identified age-DMRs that were oppositely regulated with age between
Glu and MGE-GABA neurons. Specifically, we found 268 DMRs where total mCG decreased in
Glu but increased in MGE-GABA, and 51 DMRs where total mCG increased in Glu but
decreased in MGE-GABA. Genes near these DMRs had similar RNA expression levels between

the neuronal classes in infancy but showed opposite expression trends later in life (Fig. S2.5G).
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Figure 2.3 | Dynamics of DNA methylation.

(A) Five clusters of age-DMRs based on mCG and hmCG dynamics in Glu. (B) Average methylation
levels of different age-DMR clusters in infancy, late childhood and adulthood in Glu. (C) Ternary plot
illustrating the swift of DMRs in the de-methylation group. (D) Enrichment of Glu age-DMRs in
ChromHMM-defined chromatin states'??. (E) Transcription factors motif enrichment in the de-methylation
DMRs by HOMER'?, (F) Examples of common and cell-type-specific de-methylation DMRs.
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2.2.5 Strand asymmetry of hmCG increases with age for expressed genes

Previous studies reported hmCG enrichment on the sense strand and mCG enrichment
on the antisense strand within gene bodies of highly expressed genes in the adult brain'™°. We
categorized all expressed genes into 10 groups according to their average expression levels
across all samples. Consistent with previous findings, we observed strand-specific asymmetry in
adult samples of both neuronal classes in highly expressed genes, with this asymmetry confined
to the gene bodies and not extending into the flanking regions (Fig. S2.5H).

Furthermore, for many genes we observed age-dependent changes in hmCG
asymmetry between the sense and antisense strands. Specifically, a considerable number of
genes (1,235 in Glu and 821 in MGE-GABA) exhibit a significant (FDR <0.05) correlation
between hmCG strand differences and age (Fig. S2.51). Notably, the majority of these genes
(1,173 in Glu and 760 in MGE-GABA) demonstrated a positive correlation, indicating an
increasing enrichment of hmCG on the sense strand with age. Furthermore, 89% of these
genes displayed high expression levels in both neuronal subtypes, implying that strand
asymmetry is likely influenced by transcriptional activity. Notably, we did not observe any
age-dependent changes in total mCG. These findings extend recent observations of clock-like
changes in DNA methylation across the lifespan. Our data show that hmCG strand asymmetry

provides a remarkably linear predictor of age with no fitting required.

2.2.6 Sex differential gene expression with age

We detected 13 X-linked and one autosomal sex-specific differential expression genes
(sex-DEGs, Fig. 2.4A, Table S2.3). Three of the male-biased genes, ASMTL, GTPBP6, and
PLCXD1, are located in pseudoautosomal regions, consistent with findings by other
studies?'-2°2, Additionally, GTPBP6 shows increased expression with age in both males and

females.
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Notably, we did not detect significant expression differences between males and females
in sex hormone receptor genes (androgen receptor AR, estrogen receptor ESR1 and
ESR2)%32% However, we observed cell-type-specific age-related changes for some of these
genes. AR was upregulated with age in MGE-GABA neurons, but downregulated in Glu neurons
in both sexes. ESR1 was lowly expressed in both neuronal classes during infancy but increases

in Glu neurons during early childhood and then gradually decreases with age (Fig. S2.6A).

2.2.7 Sex-specific DNA methylation patterns and X-inactivation escape genes

It has been established that females exhibit lower total mCG levels on the X
chromosome compared to males due to X-inactivation in one of the X chromosome in females,
while autosome methylation levels are similar between sexes®’?%. Our studies further extend
this knowledge by separately examining mCG and hmCG.

We found that the higher total methylation (mCG+hmCG) levels in males on the X
chromosome are primarily due to increased hmCG, whereas mCG levels remain similar
between male and female neurons (Fig. 2.4B). Additionally, the X chromosome mCH levels
were higher in males compared to females.

We further compared the methylation features between inactivated and escape genes on
the X chromosome. Our data showed that genes which escape X-inactivation exhibited higher
gene body mCH levels, whereas inactivated genes displayed higher promoter total mCG levels,
which is consistent with previous studies®**’ (Fig. 2.4C). By distinguishing between mCG and
hmCG, we discovered that the higher promoter total mCG in inactivated genes was driven by
mCG rather than hmCG (Fig. 2.4C). Furthermore, we observed that less hmCG accumulates
with age near inactivated genes, indicating that hmCG fails to accumulate in heterochromatic
regions. This finding suggests that the TET enzyme, which converts mC to hmC, might be less
effective or excluded in these densely packed chromatin areas, reinforcing the silenced state of

inactivated genes. The X chromosome DNA methylation differences between males and
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females, as well as the differences between inactivated and escape genes, begin in infancy,

persist throughout the lifespan, and are consistent in both neuronal classes (Fig. S2.6B, C).

2.2.8 Hydroxymethylation with age in imprinting control regions

Hydroxymethylation has been shown to play an important role in imprinting during fetal
development?®2%_ Non-CG methylation was also detected in mouse brain imprinting regions.
Loss of imprinting is often observed in various human tumors?°®2". However, there is still an
ongoing debate about whether imprints are erased in disease and aging?'22",

We analyzed hydroxymethylation within a well-recognized imprinting control region, the
15911 segment?™. We observed a lower level of methylation in both neuronal classes in the
imprinting region (Fig. 2.4D, S2.7A). Notably, the change of DNA methylation level with age is
smaller in imprinting regions than non-imprinting regions (two-sample Kolmogorov-Smirnov test,
p<0.01). We detected age-DEGs of the known imprinting genes in those regions: paternally
expressed genes such as MKRN3 and NDN, along with the maternally expressed gene UBE3A,
showed a decrease in expression as age increased. Conversely, the expression of the

paternally expressed gene SNURF-SNRPN was found to increase with age.
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Figure 2.4 | Sex differences in DNA methylation and gene expression in human neurons.

(A) Expression changes of sex-specific differential expression genes (sex-DEGs) with age. (B)
Comparison of mCG and hmCG levels on the X chromosome between males and females. (C)
Methylation features of inactivated and escaped genes on the X chromosome. Data shown in early
adulthood. XCI: X chromosome inactivation. (D) DNA methylation in known imprinting control region

15911 (shaded region).
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2.3 Discussion

In this study, we employed neuronal cell type specific purification (FANS) and large-scale
transcriptome and DNA (hydroxy)methylome sequencing to profile the dynamics of
genome-wide DNA methylation (mC) and hydroxymethylation (hmC) in glutamatergic (Glu) and
MGE-derived GABAergic (MGE-GABA) neurons across the human lifespan. Our
comprehensive analysis reveals distinct patterns of age-related changes in DNA methylation
marks and gene expression, with implications for neuronal development and synaptic plasticity.

The observed genome-wide decrease in mCG levels coupled with an increase in hmCG
levels with age, while total mCG levels remain constant. This indicates an ongoing conversion of
mCG to hmCG throughout the period of early to late childhood. This transformation primarily
occurs before the age of 20, with a prolonged conversion timescale of 5-10 years, suggesting a
significant regulatory role for DNA methylation conversion in human brain development. We
developed a simple 3-state model for the cyclic dynamic of C, mC and hmC, which captures the
complex trajectory of methylation across the lifespan. These changes are more pronounced in
Glu neurons compared to MGE-GABA neurons, highlighting the importance of cell-type
specificity in brain development.

Consistently, we identified a substantial number of age-related differentially expressed
genes (age-DEGs), with more age-DEGs found in Glu neurons compared to MGE-GABA
neurons. This disparity may reflect the higher synaptic activity and plasticity associated with
excitatory neurons. Clustering of age-DEGs into distinct expression patterns revealed a shift
from genes involved in early neural development to those associated with advanced synaptic
signaling and brain function as neurons age. The observation of genes exhibiting
age-dependent regulation in opposite directions between Glu and MGE-GABA neurons again
underscores the functional diversity of neural circuits during aging.

Our study found a significant inverse correlation between gene expression changes and

mCG levels?", and a positive correlation with hmCG levels within gene bodies. These findings
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are consistent with the role of hydroxymethylation in promoting gene expression. The stronger
correlation observed in gene body regions compared to promoter regions suggests that gene
body methylation may play a more prominent role in regulating age-related gene expression
changes.

We detected age-related differentially methylated regions (age-DMRs) across the
genome, exhibiting distinct patterns of hypo- and hyper- methylation. Hypomethylated regions,
characterized by a decrease in total mCG over time, were enriched in enhancer regions and
neuronal activity-regulated transcription factors motifs. Additionally, some age-DMRs exhibited
opposing methylation trends between Glu and MGE-GABA neurons, emphasizing the complex
interplay between different neuronal subtypes and their unique epigenetic landscapes.
Furthermore, by fitting our developed dynamical model, we can more precisely and
quantitatively understand the time scales of the conversion between C, mC, and hmC, as well
as the variation in these time scales across the genome.

The identification of differences in mCG and hmCG patterns between males and females
provides novel insights into the sex-dependent regulation of the neuronal epigenome. We
observed lower levels of total mMCG on the X chromosome in females compared to males,
primarily due to decreased hmCG but not mCG in females. Conversely, the higher promoter
total mCG levels in inactivated genes in females were attributed to mCG, not hmCG. These
findings support the notion that TET enzymes may be less effective in heterochromatic regions,
thereby limiting the conversion of mCG to hmCG and reinforcing the silenced state of these
genes.

In conclusion, our study provides valuable insights into the dynamics of DNA methylation
and hydroxymethylation in human neurons across the lifespan. The distinct patterns of
age-related changes in Glu and MGE-GABA neurons underscore the importance of
cell-type-specific epigenetic regulation in maintaining neuronal development and aging. Our

findings of the regulation role of mC and hmC have important implications for future research on
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neurodevelopmental and neurodegenerative diseases for developing potential therapeutic

strategies targeting epigenetic modifications.
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2.4 Methods
2.4.1 Human brain samples

Human postmortem brain tissues were sourced from the dorsolateral prefrontal cortex
(Broadman area 9). The majority of the samples were obtained from the NIH NeuroBioBank.
Twenty nine adult samples were obtained from the New York State Psychiatric Institute
Macedonian Brain Collection. Specific characteristics of the individuals are displayed in Table

S2.1.

2.4.2 Nuclei isolation

The protocol and reagents for brain nuclei isolation before flow cytometry were
previously described'**'®*, Briefly, tissue was homogenized in lysis buffer, underlaid with high
sucrose buffer, and centrifuged for 1 hour. The nuclear pellets were resuspended in
antibody-incubation buffer, incubated with primary antibodies for 1.5 hours, followed by a
second centrifugation and a 1-hour incubation with secondary antibodies. We used FANS,
employing NeuN (RBFOX3) as a marker for neuronal nuclei and SOX6, a transcription factor in
MGE-derived GABA neurons, to separate nuclei of MGE-GABA and Glu neurons. We used
mouse monoclonal anti-NeuN phycoerythrin (PE)—conjugated antibodies (Millipore,
FCMAB317PE, 1:1000), donkey anti-guinea pig AX647-conjugated secondary antibodies

(Jackson ImmunoResearch, 1:1500) to detect SOX6-positive nuclei.

2.4.3 RNA isolation and RNA-seq library construction

Nuclei of cell populations were prepared using the FANS-based method as previously
described®4'84 with modifications: proteinase inhibitors were omitted, and RNase inhibitors
(1:40 during lysis, 1:100 during other steps) were added. Tissue (100-200 mg) was
homogenized, and ~40,000 nuclei per sample were used for RNA extraction with the PicoPure

RNA Isolation Kit (Thermo Fisher). RNA-seq libraries were prepared from 10 ng of RNA using
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the SMARTer Stranded Total RNA-Seq Kit (Clontech) and sequenced on a HiSeq 2500 to an

average of ~50 million read pairs per sample.

2.4.4 DNA methylation assay

Between 350,000 and 700,000 nuclei of Glu and MGE-GABA neurons were isolated
from each tissue sample by flow cytometry. High-quality genomic DNA (average fragment length
>20,000 bp) was isolated using the DNeasy Blood and Tissue Kit (Qiagen) and concentrated
with a Genomic DNA Cleanup Kit (Zymo). Genomic DNA (500 ng) was used for BS/OxBS
processing and library preparation with the TrueMethyl Whole Genome kit (CEGX). Libraries
were sequenced on an lllumina HiSeq 2500 system using a paired-end 100-cycle protocol.
Conversion performance in oxidation and bisulfite treatments was assessed using CEGX

spike-in control oligonucleotides.

2.4.5 Mapping RNA data

RNA reads were trimmed using Trim-Glalore (0.6.4_dev) for quality trimming and
adaptor trimming. The first 3 bps from the 5' end of read1 is further removed. Trimmed reads
were then mapped to hg38 and GENCODE gene annotation (v37) using STAR (v2.7.3a) with
the following parameters consistent with ENCODE standard ( --outFilterType BySJout
--outFilterMultimapNmax 20 --outFilterMismatchNmax 999 --outFilterMismatchNoverReadLmax
0.04 --alignintronMin 20 --alignintronMax 1000000 --alignMatesGapMax 1000000
--alignSJoverhangMin 8 --alignSJDBoverhangMin 1 --sjdbScore 1). Gene count was estimated

by RSEM(v1.3.1) with the following parameters (--estimate-rspd --paired-end --forward-prob 1).

2.4.6 Mapping DNA methylation data
Whole genome (oxidative)bisulfite sequence was mapped to hg38, C to T converted

genome index in paired-end by Hisat-3N (v2.2.1-3n-0.0.3) after adaptor trimming by trim_galore
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(v0.6.4_dev). Only unique mapped reads were kept for further analysis. Duplicated reads were
removed by Picard (v2.27.1). Number of methylated and unmethylated reads covered for each
cytosine site was called by methylpy (v1.4.4). For each donor, cytosines and adjacent

downstream (3’) sites which overlap homozygous SNPs called from any donor, were removed

for the downstream methylation analysis.

2.4.7 Differential expression and gene ontology

Protein coding and IncRNA genes from chromosomes 1-22 and X with counts per million
(CPM) >7 in at least 3 samples are defined as “expressed genes”. Age differential expression
testing was performed separately for each cell type and each comparison using Dream?
(variancePartition v1.28.9, edgeR v3.40.2). Specifically, calcNormFactors was used to control
for the raw library size from the raw counts. Then, voomWithDreamWeights and dream were
used to prepare for the linear mixed model fit from the normalized count and design matrix. The
model included fixed effects of age group, batch, PMI hours, RIN,race and sex:
expression ~ Age Group + batch + PMI hours + RIN + Race + Sex. Finally, after testing
the generalized linear fixed model for each gene, genes with an adjusted p-value < 0.05 in any
pairwise age group comparison are defined as age-related differentially expressed genes
(age-DEGSs) in our analysis.

For genes exhibiting monotonic changes, we compared the fold change between early
childhood and infancy to the fold change between adulthood and early childhood. Those genes
are resulted in four categories: early downregulated genes, late downregulated genes, early
upregulated genes, and late upregulated genes. Additionally, we identified genes showing
non-monotonic change patterns.

Functional gene ontology (GO) enrichment analysis was performed using clusterProfiler
(v 3.14.3)"%. All expressed genes in each cell type were included as the background gene list.

Gene ontology with gene size between 25 and 500 were included in the enrichment test. The
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Benjamini-Hochberg method was used to control the false discovery rate. Results from

biological pathway (BP) and molecular function (MF) are shown.

2.4.8 Differential methylation analysis

We detect differentially methylated regions (DMRs) using DSS'%'"° (DSS v2.34.0, bsseq
v1.22.0). DMLfit.multiFactor was applied with model formula: mCG~age group + sex, with a
smoothing window size 500 bp. Next, DMLtest.multiFactor was used to call differentially
methylated loci. Finally, callDMR was used to merge significantly differentially methylated loci (p
< 0.05) with a distance smaller than 50 bp. Merged regions with a length greater than 50 bp and
containing at least 3 CpG sites are called differentially methylated regions (DMRs). Only control

donors were included in the DMRs analysis.

2.4.9 DNA methylation valleys (DMVs)

To call DNA methylation valleys (DMVs), we first identified undermethylated regions
(UMRs) and low methylated regions (LMRs) using MethylSeekR'®*. We used methylation cutoff
m=0.5, minimum number of CpG, n=10, and FDR < 0.05 as parameters for detecting UMRs and

LMRs. DMVs were defined as UMRs with length =5 kb and mean methylation level <15%.

2.4.10 DNA methylation conversion dynamical model

To estimate the time scale of the conversion between C, mC, and hmC, we used
coupled ordinary differential equations (ODEs), assuming the time scale is constant across the
lifespan. The time constants for C, mC, and hmC, as well as the initial values of mC and hmC,
were fitted to the methylation levels within each DMR from all donors using optimize.curve_fit.

The ODEs used are as follows:
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Supplemental Figure 2.1 | Correlation between samples and genome-wide DNA methylation in
each age group, related to Figure 2.1.

(A) Genome-wide coverage of individual DNA samples. (B) Spearman correlation between donors in RNA
expression and gene body total mCG, mCG and mCH. Expressed autosomal protein coding genes with
length >1 kb were included (11,160 genes). The correlation between transcriptomes was calculated using
normalized gene counts (log,CPM). The correlation of DNA methylation was calculated using gene body
methylation level. (C) Spearman correlation between age groups in RNA expression and gene body total
mCG, mCG and mCH. (D) Mean genome-wide CG and non-CG (CH) methylation levels in each age
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Supplemental Figure 2.2 | Consistency of age-DEGs with other published large scale datasets,
related to Figure 2.2.
(A) Number of age-related differentially expressed genes (age-DEGs, FDR < 0.05) in pairwise age group
comparisons. The upper triangle shows the number of upregulated genes (younger < older); the lower
triangle shows the number of downregulated genes (younger > older). (B, C) age-DEGs compared with
published dataset. Herring et al.®(B). Emani et al."(C). (D) Enrichment of annotated activity-dependent
genes' in our age-DEG groups. (E) Gene expression profiles of two late response genes, /IGF1 and

PNOC.
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Supplemental Figure 2.3 | DNA methylation features around age-DEGs, related to Figure 2.2.

(A) DNA methylation levels around transcription start sites (TSS) of age-DEGs separated by up- and
down- regulated genes. (B-D) Spearman correlation between RNA expression fold change and (B) mCG
(C) hmCG (D) mCH fold change within the flanking regions of TSS of age-DEGs separated by pairwise
age group comparisons. n represents the number of age-DEGs in the comparison.
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Supplemental Figure 2.4 | DNA Methylation Patterns in Genomic Compartments, related to Figure
23.

(A) DNA methylation in different genomic compartments. (B) Jaccard index between DMVs called in each
age group and neuronal class. (C) Venn diagrams comparing age-DEGs and genes in DMV regions.. (D)
RNA expression of genes in DMV regions stratified by expression level. (E) Categorization of 10kb bins
by linear regression models. Colors in total mCG, mCG and hmCG columns represent the regulations of
the 10kb bins: red for hypermethylation with age, blue for hypomethylation with age, and white for no
significant change. (F) Enrichment of clusters of 10kb bins in ChromHMM-defined chromatin states'?.
DMV: DNA methylation valley. TSS: transcription start site. CGI: CpG island.
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Supplemental Figure 2.5 | Dynamics of DNA methylation and strand asymmetry, related to Figure
23.

(A) Number of age-related differentially methylated regions (age-DMRs) in pairwise age group
comparisons from bisulfite sequencing (BS) and oxidative bisulfite sequencing (OxBS). The upper triangle
shows the number of hypermethylated DMRs (younger < older); the lower triangle shows the number of
hypomethylated DMRs (younger > older). (B) Five clusters of age-DMRs based on mCG and hmCG
dynamics in MGE-GABA. (C) Average methylation levels of different age-DMR clusters in infancy, late
childhood and adulthood in MGE-GABA. (D) Enrichment of MGE-GABA age-DMRs in
ChromHMM-defined chromatin states'2. (E) Transcription factors motif enrichment in the age-DMRs from
all clusters by HOMER'?. (F) Mean estimated time scale from our dynamic model for all age-DMR in
each age-DMR group. (G) Methylation levels in age-DMRs that show opposite trends of total mCG in Glu
and MGE-GABA. The last two columns display the expression of genes near these DMRs in infancy and
log fold change of the genes between infancy and adulthood. (H) Metagene plots showing the strand
difference of mCG and hmCG for low expressed genes and high expressed genes across different age
groups in both neuronal classes (I) Average hmCG strand difference for genes showing significant
correlation between age and gene body strand asymmetry (1,173 genes in Glu and 760 genes in
MGE-GABA neurons).
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Supplemental Figure 2.6 | Sex differences in DNA methylation are consistent across age, related
to Figure 2.4.

(A) RNA expression of sex hormone receptor genes, androgen receptor (AR) and estrogen receptor
(ESRT), with age (B) Methylation difference between males and females in different genomic regions on
chromosome X. TSS: transcription start site. CGIl: CpG island. (C) Methylation features of inactivated and
escaped genes on the X chromosome in each age group.
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Supplemental Figure 2.7 | Browser view of DNA methylation levels in imprinting control region
15q11, related to Figure 2.4.

DNA methylation in the imprinting control region 15g11 is lower in both infancy (labeled in green) and
adulthood (labeled in purple). Each tick represents a cytosine site, with the height indicating the DNA
methylation level at that site.

81



Chapter 3 Divergent single cell transcriptome and epigenome alterations in ALS and

FTD patients with C9orf72 mutation

3.1 Introduction

Amyotrophic lateral sclerosis (ALS) is a fatal neurodegenerative disease that manifests
in progressive loss of cortical, brainstem and spinal motoneurons resulting in paralysis, and
eventually death, typically, within 3-5 years of symptoms onset?'®. In ~10% of ALS patients,
there is a clear family history of the disease, and pathogenic mutations are found in more than
half of these cases?'’. By contrast, apparently sporadic ALS is considered a complex trait with
an estimated heritability of 40-50%?2"8. The pathology and genetics of ALS overlap with another
neurodegenerative disease, frontotemporal dementia (FTD), which is the second most common
cause of dementia in patients under 65 years?'®. Aggregates of the RNA-binding transactive
response DNA binding 43 protein (TDP-43) accumulate in neurons of almost all ALS cases and
approximately half of FTD cases??, and ALS and FTD can occur within the same family and
even in the same person?'.

Mutations in several genes are causative of ALS, FTD, or ALS/FTD?#?2. The most
common genetic cause is a dynamic hexanucleotide (GGGGCC; G,C,) repeat expansion in the
first intron of the C9orf72 (C9) gene, which is found in ~40% of familial and ~12% of all ALS and
FTD cases?®*%%°. The non-coding G,C, expansion appears to have two direct consequences: a
loss-of-function that causes C9orf72 haploinsufficiency, and a gain-of-function associated with
the expression of abnormal, bidirectionally transcribed RNAs containing the repeat®®. These
RNAs accumulate as RNA foci and/or are translated into toxic dipeptide repeat proteins
(DPRs)#7-229 ALS- and FTD-associated genes (including C90rf72) are expressed in multiple
neuronal and non-neuronal cell types in the brain and spinal cord®®, raising the question of what

impact the mutations have in each individual cell type.
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ALS is caused by the degeneration of upper and lower motor neurons, affecting the giant
pyramidal cells (Betz cells) in layer 5 of primary motor cortex and the large multipolar alpha
motor neurons of the brainstem and spinal cord, whereas FTD results mainly from the
degeneration of the large bipolar Von Economo neurons located in layer 5 of several specific
cortical regions®'2*3, Animal and in vitro models associated multiple motoneuron-intrinsic
(cell-autonomous) pathways with ALS pathogenesis, including glutamate excitotoxicity,
mitochondrial dysfunction, RNA metabolism, nucleocytoplasmic transport, and alterations in
protein homeostasis®*. Although these pathways responded to therapeutic modulation in
experimental models, clinical translation has been slow. The only approved therapies for ALS
(riluzole, edaravone, and relyvrio) prolong survival by only several months?*, suggesting
limitations of current disease models, especially those uniquely focusing on motoneurons. Other
neuron types?®, as well as astrocytes and microglia, have been implicated in the pathogenesis
of ALS and FTD%":%%,

We used single-nucleus transcriptomic (snRNA-seq) and epigenomic (snATAC-seq)
analysis of human brain samples to investigate the cell-type-specific molecular alterations in
C9-ALS or C9-FTD donors. In both diseases, we studied two key cortical regions, the motor and
frontal cortices, in an attempt to uncover regional differences. In C9-ALS, we found the most
pronounced transcriptional disruption in upper layer excitatory neurons and astrocytes, and
parallel disruption of the epigenome, with concordant changes in chromatin accessibility, histone
modifications, and gene expression in specific cell types. Our comparative analysis of C9-ALS

and C9-FTD highlights distinct molecular pathologies in these two neurodegenerative diseases.

3.2 Results

3.2.1 Single nucleus transcriptomes in C9-ALS and C9-FTD specimens identify

fine-grained cortical cell types
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We performed snRNA-seq on nuclei isolated from the motor cortex (Brodmann area 4)
and dorsolateral prefrontal cortex (Brodmann area 9; hereafter “frontal cortex”) of autopsied
C9-ALS (n =6), C9-FTD (n = 5), and pathologically normal (hereafter “controls”, n = 6) brains
(Table S3.1). We obtained 105,120 high-quality nuclear gene expression profiles (45,376 from
C9-ALS, 9,445 from C9-FTD, and 50,299 from controls), detecting a median of 6,351 unique
mMRNA molecules and 2,665 genes per nucleus, indicating the high quality of the data. Far fewer
nuclei passed quality control in C9-FTD (median 24.3%) compared with controls (66.2%) or
C9-ALS (68.4%) (two-sided Welch'’s t-test, p < 0.05; Fig. S3.1a-c; see also “A distinct signature
of glial dysregulation in C9-FTD” below).

We used iterative clustering to identify 49 distinct subpopulations of excitatory neurons,
inhibitory neurons and non-neuronal cells (Fig. 3.1a-b; Table S3.2). The clustering was not
biased by brain region, donor sex, sequencing batch, individual samples, or diagnosis (Fig.
3.1c¢, Fig. S3.2a-e), and the resulting clusters were stable with respect to the resolution
parameter for community detection (Fig. S3.2f). The subpopulations, which we annotated based
on the expression of known marker genes (Fig. S3.3), were highly consistent with a recent
large-scale study of the human motor cortex (Fig. S3.4)%. These results demonstrated the
fine-grained cell subtype resolution of our dataset. However, to leverage the information shared
across multiple donors when estimating the molecular dysregulation in C9-ALS and C9-FTD, a
statistically meaningful number of cells from each donor is required. Therefore, we focused our
analysis on 14 major cell types (8 neuronal, 6 glial), defined by grouping subpopulations sharing
well-defined markers (Supplementary Fig. 3.3). At this level of cell type resolution, we observed
consistent expression patterns across donors in each major cell type and brain region of the

control donors (Fig. 3.1d).

84


https://paperpile.com/c/lW7as5/aJX4w

a b Excitatory neurons Inhibitory neurons Non-neurons

. upper | PVALB g

2 3 4
Cell class : % 3
@ Excitatory neurons - :

layer
® Inhibitory neurons
@ Non-neurons

“other
> " f " CGE-
F J derived

: a‘ :
! icro | Astro

deep D%
layer | SST A & LAMPS | Oligo
. . . . sequencing #UMI # genes
c #cells brain region diagnosis sex donor batch per cell per cell
ég [ — S . I
I ‘. - I
2 CC— . I
1 [ — - . |
@ 7 .. T
c I\}F‘l‘ |} R | E—
g 2 - |
s e —
G:J '-E I by | —
< i — A
I - O
2 BrP T . |
c DARB2 CC - . -
£ 4 I . | —
— . | ——
- LAMPS CPLX j [— | N | . =
I - - E——
— LEBEHP 21 | | | I
FE. EA Q1 I R} CE—
Cl o - . | ——
: e —— - =
S I B | I
£ MYD e — - - " —
D 29! ] N - I - g
< § V CC— . [ ——
= [ — . - ———
<] o | | . T ——l—
g ; = = == ==
= I - . I ;2:
% P%M [ — I
w 13 é ] | C— —
-, e — . | I ——ll—
a5 PR 5 === = I j—
! [— |
W . precursor cel E’ é C— ] = | - r
c It oéaen rocyte EE—— .| E——
o ISO engz?rc G @lg — | I . T - I
3 Astrocyt % ez I | —— z:
< — |8 IS e |
] Vi | T — [ p—
S VLbE P2 ]ﬂ] — ] I -
=z ndothelial C— - =l : - .
0.5 ] 0.5 10 0.5 10 . 1 0.5 10 100k 0 10k
Frontal W C9-ALS W Male A1sA2:ATeALASAB 10203
W Motor M Control Female +C1:C2C3-C4-C5:C6 @4 @576
d C9-FTD F1:F2-F3:F4+F5
Motor cortex Frontal cortex

11l RN | | 1M "N il e "

3

0

3 f | TR | 1" | o | : |

0 |

3 | 1 o - 1
'l"HEMlS0 111 | [ 1141

2

0

3

0

3

! e | W PR ITRIIE SOV AT OO 11 W
1 ni n LUl | | . tw Ll .
ngi mmm 1 I ‘ I Il

LAMPS al i oot b nl 1l

Gene expression, log, (CPM + 1)

. Wil
4 rore pe—e—"
ADAHBzui MEMENMEmTee L) '"W’Tw!"m vl ol bl [ [ TRETTVRTTITIR i |
AQFM;i Ly il | , !] I | 1 U] | 1 | | ] [l 1L
0
CSFIR; | , |l | 111
MQBPU Vel Hel . e iy e 1L | . . AT | " 1 | nh
3 " | "I
PDGFRA 01 | m | | et ”:[ m'.I

|
& @ Q b A R Nl L O ] O L& L O o & R D A KR Nl & O O O L O
FF TP F IS F TS FFF e T g & & &£
& < Na %\a‘ < < Na &
@ S @ &
N &
Excitatory Inhibitory Non-neuronal Excitatory Inhibitory Non-neuronal

Major cell types

Figure 3.1 | A single cell transcriptomic analysis of human C9-ALS and C9-FTD motor and frontal
cortex.

(a, b) Identification of transcriptomic cell types from snRNA-seq (n= 105,120 cells from 17 donors). Nuclei
were first classified into three cell classes in (a), then subpopulations in each class were identified in (b).
CGE caudal ganglionic eminence, Astro astrocytes, Endo endothelial cells, Micro microglia, Oligo
oligodendrocytes, OPC oligodendrocyte precursor cells, VLMC vascular leptomeningeal cells, IT
intratelencephalic, CT corticothalamic, NP near-projecting, ET extratelencephalic. (c) Neuronal and
non-neuronal cell types were distributed across brain regions, donor diagnosis groups, sex, and
sequencing batches. UMI unique molecular identifier. d Violin plots show marker gene expression in
major cell types in each of the 6 control donors. CPM counts per million.
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3.2.2 Disruption of gene expression in C9-ALS astrocytes and excitatory neurons

The rare giant pyramidal Betz cells in layer 5b of the human primary motor cortex are
considered especially vulnerable in ALS?*2, Yet, other excitatory and inhibitory neurons, as
well as other cortical areas such as the frontal regions, have also been reported to be affected in
the disease®*?*!. Global analyses using principal components, Augur'', and linear discriminant
analysis demonstrate significant differences between disease and control samples (Fig.
S3.14-3.15). To identify genes dysregulated in C9-ALS in a cell type- and region-specific
manner, we compared nuclear transcriptional profiles from C9-ALS and control subjects using a
mixed effects model?*?, while adjusting for demographic and technical covariates (Methods).

Excitatory neurons in all cortical layers were profoundly affected in C9-ALS, with
hundreds of differentially expressed (DE) genes in each cell type (FDR < 0.05) (Table S3, S4).
There were more DE genes in upper layer excitatory neurons (L2/3) compared with excitatory
neurons in other layers (Fig. 3.2a). In particular, there were 2.48-fold more DE genes in upper-
compared with deep-layer (L5/6) excitatory neurons in motor cortex; in frontal cortex, the
enrichment was 2.69-fold. This difference was evident even after subsampling each cell type to
ensure equal statistical power for detecting DE genes (Fig. 3.2b). We also found that deep layer
excitatory neurons were more affected in motor than in frontal cortex, with a larger number of
DE genes after controlling for sample size (Fig. 3.2b). Inhibitory neurons had significantly fewer
DE genes. Among non-neuronal cells, astrocytes were the most strongly affected in both brain
regions (Fig. 3.2a-b).

Overall, transcriptional changes in C9-ALS were highly consistent in motor and frontal
cortices (Pearson r = 0.49-0.74, Fig. 3.2c). Cluster analysis of the most strongly affected DE
genes (fold-change > 2; Fig. 3.2d) showed a unique set of upregulated (cluster C3) or
downregulated (C6) genes in astrocytes. In contrast, transcriptional changes in neurons were
either shared between multiple neuronal subtypes (Clusters C2 and C5) or specific for excitatory

neurons (Cluster C4).
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We validated our snRNA-seq findings using bulk RNA-seq measurements in purified
nuclei from maijor cortical cell types (Table S3.1, Methods). Using fluorescence-activated
nuclear sorting (FANS), we purified neurons, oligodendrocyte lineage cells (mature
oligodendrocytes and oligodendrocyte precursor cells, OPCs), and non-oligodendrocyte glial
cells. The third group mainly consisted of astrocytes and microglia (Fig. S3.5a, b; Methods).
Differential gene expression fold-changes in the single nucleus were strongly correlated with
FANS RNA-seq data for corresponding cell types in both cortical regions (Fig. 3.2e), especially
for astrocytes in motor cortex (Spearman r = 0.517, Fig. 3.2f).

Studies in bulk brain tissues showed that the hexanucleotide repeat expansion in
C9orf72 lowers expression of this gene?*?*3, Using our single cell data, we found the highest
expression of the C9orf72 gene in neurons, with comparable expression levels in all neuronal
subtypes (Fig. 3.2g). C9orf72 was downregulated in C9-ALS excitatory, but not inhibitory
neurons (FDR < 0.05). Among glial cells, only astrocytes and oligodendrocytes showed lower
C9orf72 expression in C9-ALS. However, because C9-ALS and control samples differ by both
genotype and disease status, our study cannot determine whether downregulation of C9orf72
expression in specific cell types is directly caused by the repeat expansion mutation, or is also
influenced by ALS disease processes.

To connect transcriptional alterations in C9-ALS to protein expression, we used
automated Western blotting in bulk motor cortex tissue (Methods). We tested multiple antibodies
for proteins that were encoded by DE genes. Antibodies against 19 DE gene products
consistently detected a protein band of the expected size in control samples. Using these
antibodies, we confirmed the predicted changes in protein levels for 6 of the 19 DE genes, with
no discordant changes observed for any of the tested proteins (Figs. 3.3-3.4; Figs. S3.6-S3.7;
Table S3.10).

To examine whether our findings were specific to C9-ALS or were general responses to

a degenerative process, we compared the DE genes in our C9-ALS vs. control analysis with the
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reported DE genes in Alzheimer’s disease (AD) in prefrontal cortex?**. We found little overlap
between the C9-ALS DE genes and the AD DE genes (the Jaccard index < 0.14 for all
comparisons) (Fig. 3.2h). The overlap was highest for glial cell types (astrocytes and
oligodendrocytes), suggesting a shared component of transcriptional disruption in glia across
these two neurodegenerative diseases. The differences in neurons in C9-ALS or AD were more
distinct. For genes that were significantly DE in both diseases, the fold-changes were in general
correlated between the two diseases (r > 0.58, p < 1E-14 for astrocytes and oligodendrocytes,
and r > 0.23, p < 0.006 for neuronal subtypes in prefrontal cortex) (Fig. S3.13a). We also
examined the significant DE genes that had concordant or discordant effects in ALS (our study)
vs. AD?*, For this comparison, we focused on the cell types that were most affected in C9-ALS,
such as astrocytes and excitatory upper/deep neurons, as well as oligodendrocytes that had the
highest Jaccard index (Fig. S3.13b-e). We found that CD44 and MAOB were upregulated in
astrocytes in both C9-ALS and AD, whereas DNMT3A was downregulated and HSPH1 was
upregulated in both neuronal subtypes. In contrast, KNDC1 was upregulated in C9-ALS but
downregulated in AD in prefrontal cortex astrocytes, whereas HTR1E was downregulated in

C9-ALS but upregulated in AD in the prefrontal cortex deep excitatory neurons.

88


https://paperpile.com/c/lW7as5/FYsWo
https://paperpile.com/c/lW7as5/FYsWo

Figure 3.2 | Dysregulation of gene expression in C9-ALS is concentrated in astrocytes and
excitatory neurons.

(a) The number of differentially expressed (DE) genes (fold-change>1.2, FDR <0.05). Exc, excitatory
neurons; Inh, inhibitory neurons. (b) After downsampling to 30 nuclei per donor in each cell type to ensure
equivalent statistical power, the majority of DE genes were detected in astrocytes and excitatory neurons.
Astrocytes and deep layer excitatory neurons were more affected in motor cortex compared with frontal
cortex. Random downsampling was performed 10 times, and the dots and error bars represent
mean + SEM. (c) C9-ALS transcriptional differences were consistent in two cortical regions. r, Pearson
correlation coefficient. (d) K-mean clustering analysis of strongly DE genes (>2 fold-change) showed
distinct groups of genes are affected in neurons and astrocytes. (e) Validation of snRNA-seq differential
expression by bulk RNA-seq in FANS-purified cells. Spearman correlations of the C9-ALS vs. control FC
between the snRNA-seq and bulk-RNA-seq were computed using significant DE genes found in
snRNA-seq shown in (a). *Spearman correlation FDR <0.05. (f) C9-ALS astrocytes exhibit consistent
differential expression in snRNA-seq and in bulk RNA-seq. Dots represent significant DE genes (FC > 1.2,
FDR <0.05) found in snRNA-seq. Selected genes of interest with concordant FC are highlighted. rho,
Spearman correlation coefficient. (g) C9orf72 expression was downregulated in C9-ALS in excitatory
neurons, astrocytes and oligodendrocytes. Asterisks indicate significant differential expression identified
with MAST (*FDR<0.05; **FDR<0.01; **FDR<0.001). CPM, counts per million. (h) Overlaps of
significant C9-ALS vs. control DE genes (this study) and AD vs. control DE genes (Morabito et al.) for
each cell type, measured in Jaccard index.
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3.2.3 Astrocyte transcriptional dysregulation in C9-ALS

We observed a distinct transcriptional signature of astrocyte activation in C9-ALS
brains®**. mRNA for GFAP, a classic marker of astrocyte activation that encodes an intermediate
filament protein, increased 10.3-fold in astrocytes of the motor cortex, and 2.4-fold in frontal
cortex (Fig. 3.3a-b). Likewise, we found higher expression of the reactive astrocyte-associated
genes CD44 (9.4-fold in motor cortex, 3.7-fold in frontal) and CHI3L1 (10-fold in both regions).
CD44-positive astrocytes were found in a variety of neurological diseases®®, and elevated
levels of chitinases (including CHI3L1) have been proposed as a biomarker of ALS severity and
progression®*’24_\We confirmed that GFAP and CD44 proteins were upregulated in C9-ALS bulk
motor cortex tissue (p < 0.05; Fig. 3.3c; Fig. S3.6). Furthermore, immunofluorescence confirmed
that GFAP protein is highly enriched throughout the cell body and processes of astrocytes in
C9-ALS motor cortex (Fig. 3.3d).

To assess the functional relevance of the altered gene expression in astrocytes, we
performed functional enrichment analysis of DE genes?®*. In both cortices, upregulated genes
were enriched for multiple functions including cell adhesion and extracellular matrix (exemplified
by ITGA6-7, CLU, COL4A2 genes), actin cytoskeleton (e.g., ACTN1, PALLD), and cell migration
(e.g., CRB2, CORO1C), suggesting substantial cytoskeleton and cell-surface protein
remodeling of the C9-ALS astrocytes (GO enrichment FDR < 0.05, Fig. 3.3e; Table S3.5). DE
genes in these functional categories were affected in a consistent manner in both motor and
frontal cortices (r > 0.7, Fig. 3.3f, Methods). Remodeling of astrocyte morphology is a hallmark
of neurodegeneration®°, and our findings highlight the genes involved in this process in
C9-ALS. We did not find any functional categories enriched for genes that were downregulated
in astrocytes.

We detected changes in the expression of genes whose protein products or functional
pathways were previously associated with ALS. For example, several studies reported

alterations of transforming growth factor-g2 (TGF-B) signaling in ALS models?®'%%2, Consistent
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with these reports, we found strong upregulation of the TGFB2 gene (1.56-1.95 fold in the two
cortices), as well as an increased TGF-f3 protein level in C9-ALS astrocytes (Fig. 3.3a-c, Fig.
S3.6). We found that the expression of RANBP3L, a gene encoding a Ran-binding protein
involved in nucleocytoplasmic transport?®®, was downregulated 3-fold in motor cortex of C9-ALS
astrocytes (Fig. 3.3a-b). We also detected a trend to a reduction of RANBP3L protein in the
C9-ALS motor cortex (p = 0.063) (Fig. 3.3c, Fig. S3.6). This finding is consistent with reports of
reduced expression of neuronal nucleocytoplasmic transport proteins in C9-ALS%427,

Our data enabled a granular cell-type-specific analysis of transcriptional alterations in
C9-ALS, in some cases, identifying genes with opposite patterns of altered expression in
different cell types. For example, we found that ATP2B4, which encodes plasma membrane
calcium ATPase PMCA4 that catalyzes the hydrolysis of ATP coupled with transport of Ca*
from the cytoplasm to the extracellular milieu, showed ~2.0-fold higher expression in C9-ALS vs.
control astrocytes in both cortical regions (Fig. 3.3a-b). In contrast, ATP2B4 was downregulated
in upper and deep layer excitatory neurons. Astrocytes exhibit dynamic cell state changes
mediated by cytosolic Ca®* 28, Thus, increased expression of ATP2B4 in astrocytes likely

represents a protective mechanism to counterbalance upregulation of Ca®* levels in C9-ALS.
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Figure 3.3 | Dysregulation of gene expression in C9-ALS astrocytes suggests activation and
structural remodeling.

(a, b) Examples of genes that were prominently dysregulated in C9-ALS astrocytes. Asterisks marked the
significant upregulated (pink) and downregulated (cyan) DE genes in C9-ALS from the MAST analysis.
*FDR <0.05; **FDR <0.01; **FDR <0.001; ****FDR <0.0001. (c) Examples of DE genes in astrocytes
with corresponding changes in their protein products. Protein levels were measured by automated
Western blot analysis. Arb. units, arbitrary units. N=6 C9-ALS and 6 control biologically independent
samples, and each sample was measured in two technical replicates. In each box plot, dots are the
average from the two technical replicates for each sample; the lower and upper hinges correspond to the
first and third quartiles; the whiskers extend 1.5 * IQR (interquartile range) away from the hinges; and the
center denotes the median. *Two-sided Welch’s t-test p=0.033, 0.012, and 0.033 for GFAP, CD44 and
TGFB2, respectively. (d) Representative immunofluorescence images of the GFAP-positive astrocytes in
motor cortex (red) obtained using confocal microscopy. DAPI was used to stain nuclei (blue).
Immunofluorescence showed strong upregulation of GFAP immunoreactivity in astrocytes in C9-ALS
donors. The images were acquired in 2 control and 2 C9-ALS subjects, 3 sections per subject and 3 fields
in each section. (e) Top Gene Ontology (GO) terms enriched for upregulated DE genes in astrocytes.
Enrichment of the same terms for upregulated DE genes in other glia cell types are shown as a
comparison. Enrichment ratio is the number of observed genes divided by the number of expected genes
from each GO term. ECM extracellular matrix. See Table S3.5 for the full list of GO enrichment results. (f)
Genes in four functional categories had consistent patterns of differential expression in astrocytes from
both brain regions. r and p, two-sided Pearson correlation test coefficient and p-value.
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3.2.4 C9-ALS-associated transcriptional alterations in excitatory neurons

Our analysis showed that upper layer (L2/3) and deep layer (L5/6) excitatory neurons
were strongly affected in C9-ALS (Fig. 3.2b), and we found a large number of DE genes in both
cortical regions (examples in Fig. 3.4a; Table S3.3, S3.4). Functional analysis of genes
upregulated in motor cortex showed the most significant enrichments for gene ontology (GO)
categories associated with mitochondrial function, protein synthesis, and cellular proteostasis,
the process by which the health of the cell’s proteins is monitored and maintained®® (FDR <
0.05) (Fig. 3.4c; Table S3.5). There were also notable enrichments for categories associated
with nucleocytoplasmic transport and DNA damage.

Although C9-ALS upper and deep excitatory neurons showed a largely consistent effect
on gene expression in motor and frontal cortices (Fig. 3.2c), only a small number of GO
categories were enriched for genes upregulated in frontal cortex (Table S3.5). To understand the
regional differences of the disrupted pathways, we compared genes from the enriched GO
categories across the two regions (Fig. 3.4c-e; Methods). We found a similar pattern of
differential expression for genes associated with cellular proteostasis (protein folding) in both
regions. However, genes associated with mitochondrial function (respiratory chain) were more
affected in motor compared to frontal cortex in deep layer excitatory neurons. Genes associated
with protein synthesis (protein localization to endoplasmic reticulum) were more affected in
motor cortex in both neuronal subtypes. This observation was consistent with our downsampling
analysis (Fig. 3.2b), showing that certain genes in deep layer excitatory neurons were more
strongly affected in C9-ALS in motor cortex compared to frontal cortex. The majority of the DE
genes showed stronger upregulation in upper vs. deep layer excitatory neurons (Fig. 3.4f).

We detected widespread upregulation of mitochondrial genes in C9-ALS (Fig. 3.4c-d).
Among the DE genes, were those coding for subunits of all four mitochondrial respiratory chain
complexes (Complexes I-IV), such as NADH ubiquinone oxidoreductase (NDUF family genes),

succinate dehydrogenase (SDHA, SDHB, SDHC), cytochrome bc1 complex (UQCR family and

95


https://paperpile.com/c/lW7as5/01gSM

CYC1), and cytochrome c oxidase (COX family and CYCS), as well as ATP synthase complex
(ATPS5 family) (Fig. 3.4a; Table S3.3, S3.4). Genes that encode proteins involved in
mitochondrial membrane transport (SLC25A family, including SLC25A4) and chaperones that
assist the import of proteins from the cytoplasm into the mitochondrial inner membrane (TIMM
family, e.g., TIMMDC1) were also upregulated.

Among upregulated genes associated with proteostasis, there was a large group of
genes that encode members of the heat shock protein 70 (HSP70) molecular chaperone family
(e.g., HSPA4, HSPAS8, HSPAY) (Fig. 3.4e; Table S3.3, S3.4)*°. HSP70 proteins are required for
aggregation prevention, folding of newly synthesized proteins, conformational maintenance, as
well as degradation of misfolded proteins and protein aggregates in autophagic-lysosomal or
ubiquitin-proteasome pathways?'. HSP70s carry out their functions together with members of
large families of co-chaperones. Genes encoding multiple co-chaperones of HSP70 were also
upregulated in C9-ALS excitatory neurons, such as members of DNAJ and BAG families (Table
S3.3-S3.4), as well as several other heat shock proteins (e.g., HSPB1, HSPB11) that facilitate
the function of HSP70s in different protein quality control systems, including the degradation of
protein aggregates in chaperone assisted selective autophagy®?-2%*. Members of the HSP90
family of chaperons were also upregulated in C9-ALS excitatory neurons (Fig. 3.4a, e). Similar
to HSP70, HSP90 chaperones bind to misfolded proteins, including TDP-43, and assist in their
transition to native conformation or prevent their accumulation in misfolded state?®. Of particular
interest is the 1.8-fold increase in expression of CLU in upper layer excitatory neurons (Fig.
3.4a). Notably, upregulation of CLU was also detected in astrocytes (Fig. 3.3f). CLU, which is a
risk gene for AD?¢ encodes a normally secreted chaperone protein, clusterin, that is redirected
to the cytosol during ER stress. Clusterin directly interacts with TDP-43 in vitro and potently
inhibits its aggregation. Thus, increased expression of clusterin could provide an important
defense against intracellular proteotoxicity associated with ALS?’. We confirmed the

upregulation of HSP90 and clusterin proteins in C9-ALS motor cortex (Fig. 3.4b; Fig. S3.7).
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Nearly half of the nucleus-encoded genes for cytoplasmic (RPL/S families) and
mitochondrial (MRPL/S families) ribosomal proteins were upregulated in C9-ALS (Table
S3.3-S3.4). In both upper and deep excitatory neurons, we detected a larger number of
upregulated cytoplasmic ribosomal genes in motor cortex compared to frontal cortex (Fig.
3.4g-h). In contrast, this difference was not observed for the mitochondrial ribosomal genes.
Other C9-ALS upregulated genes that are associated with protein synthesis were those
encoding translation initiation factors (e.g., EIF1B) (Fig. 3.4a). These intricate differences could
result from region and/or cell specificity of the pathological changes in C9-ALS brain and will
require further study.

Genes upregulated in C9-ALS excitatory neurons were linked to processes that are
essential for all cell types (e.g., mitochondria function, proteostasis, protein synthesis), whereas
genes downregulated in motor cortex were enriched for categories that are specific to neuronal
cells (e.g., neuronal cell body category that includes C9orf72, and genes that encode several
potassium channels) (Fig. 3.4a; Fig. S3.8; Table S3.3-3.4). Downregulated DE genes were also
enriched for categories related to neuronal projections, and cell adhesion. Similar to upregulated
genes, in both cortical regions, the C9-ALS-associated downregulated genes were more
strongly affected in upper vs. deep layer excitatory neurons (Fig. 3.4f). Likewise, we did not find
significant differences in differential expression between motor and frontal cortices when we
compared genes from the GO categories that were enriched in either cortical region (Fig.
S3.8a-b). We also examined the distribution of DE genes across fine-grained excitatory neuron
cell types, and found broad enrichment across upper-layer neuron types as well as L6
intra-telencephalic (IT) neurons (Fig. S3.8c).

The downregulated genes include genes that encode brain derived neurotrophic factor
(BDNF), slit guidance ligands and their receptor (SLIT1, SLIT3, ROBOZ2), semaphorin proteins
and their receptors (SEMA4B, SEMA4C, SEMASB, PLXNA1, PLXNA2, PLXNBZ2), and RAP1

GTPase activating protein (RAP1GAP). All these proteins are linked to neuronal plasticity in the
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developing and/or adult brain, and BDNF has been implicated in the pathophysiology of several
psychiatric and neurodegenerative diseases including ALS?%%-2"3_ Also notable is downregulation
of genes that encode several potassium channels (e.g., KCNN3, KCND3)*"*. Unexpectedly, we
observed ~45% decrease in expression of de novo DNA methyltransferase DNMT3A in the
upper- and deep-layer excitatory neurons in motor cortex, suggesting a link to epigenetic
dysregulation in C9-ALS. C9-ALS-associated changes in DNMT3A levels were previously
reported in several studies, yielding conflicting results?’>-?"”. Consistent with our gene
expression data, we detected downregulation of KCND3 protein, as well as a trend for

RAP1GAP and DNMT3A proteins in C9-ALS motor cortex (Fig. 3.4b; Fig. S3.7).
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Figure 3.4 | Excitatory neurons have altered expression of metabolic and protein regulatory
pathway genes.

(a) Examples of genes that were dysregulated in C9-ALS excitatory neurons. Asterisks marked the
upregulated and downregulated DE genes in C9-ALS from the MAST analysis. *FDR <0.05;
**FDR <0.01; **FDR <0.001; ****FDR <0.0001. CPM counts per million. (b) Examples of DE genes for
which corresponding changes in protein abundance were confirmed by automated Western blot. Arb.
units, arbitrary units. N=6 C9-ALS and 6 control biologically independent samples, and each sample was
measured in two technical replicates. Dots are the average from the two technical replicates for each
sample. Asterisks denote two-sided Welch’s t-test p=6.35e-4, 0.041, and 0.036 for HSP90, CLU and
KCND3, respectively. (c) Top GO terms enriched for genes upregulated in upper and/or deep layer
excitatory neurons. Enrichments of the same terms for upregulated DE genes in other neuronal cell types
are shown for comparison. Enriched GO categories (FDR <0.01) were selected by affinity propagation.
Enrichment ratio is the number of observed genes divided by the number of expected genes from each
GO term. (d) Differences in the C9-ALS vs. control fold-changes between motor and frontal cortex (A
log2FC =log2FC in motor cortex - log2FC in frontal cortex). The boxes denote the distribution of these
differences (A log2FC) of all expressed genes in each GO category. As background comparisons, the
distributions of these differences for all expressed genes (labeled as “all genes”) and for all C9-ALS vs.
control DE genes (labeled as “DE gene”) are shown on top. Two-sided Welch'’s t-tests were used to test
whether the A log2FC in each group of genes were significantly different from the A log2FC of the “all
genes” control set, and * mark the significant differences (FDR < 0.005). Exact N numbers and p-values
for this analysis are provided in Table S3.5. (e) Comparison of effects in motor and frontal cortices for GO
categories exemplifying three major cellular processes enriched for upregulated genes. r, Pearson
correlation coefficient. (f) Comparison of the C9-ALS vs. control expression fold-changes between DE
genes in upper- and deep-layer excitatory neurons. (g) Volcano plots demonstrating the dysregulation of
genes associated with cytoplasmic ribosomal proteins (RPL/S, top row) and mitochondrial ribosomal
proteins (MRPL/S, bottom row) in upper- and deep-layer excitatory neurons. Dots represent significant
upregulated genes (red), downregulated genes (blue), and non-DE genes (dark gray) that are associated
with cytoplasmic/mitochondrial ribosomal proteins, and all other expressed genes (light gray). (h)
Comparison of the C9-ALS vs. control expression fold-changes of cytoplasmic ribosomal protein genes
(n=87, top row) and mitochondrial ribosomal protein genes (n=72, bottom row) across the neuronal
subtypes and cortical regions. *Two-sided Welch’s t-test p-value 2.21e-15 and 1.38e-13 from left to right,
respectively. In each box plot in panels (b), (d) and (h), the lower and upper hinges correspond to the first
and third quartiles; the whiskers extend 1.5 * IQR (interquartile range) away from the hinges; and the
center denotes the median.
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3.2.5 Disruption of epigenetic regulation in C9-ALS neurons and glial cells

The widespread alterations of gene expression in C9-ALS excitatory neurons,
astrocytes, and other cell types raises the question of how such transcriptional changes are
established and maintained. We used two complementary assays to determine the epigenetic
landscape of C9-ALS brain cells. Single nucleus ATAC-Seq (snATAC-seq) identifies regions of
accessible chromatin in single cells?’#?"°. We generated 109,198 high-quality snATAC-seq
profiles (TSS enrichment = 4, unique fragments = 1,000 per cell, Fig. S3.9), and clustered these
to generate pseudo-bulk accessibility profiles for 11 major brain cell types (Fig. S3.10a). The
snATAC clusters were annotated by transferring labels from the snRNA-seq data (Table S3.6;
Methods). The clusters were not driven by brain region, donor sex, individual samples, or
diagnosis (Fig. S3.10b), and they had consistent patterns of accessibility at cell type marker
genes (Fig. S3.10c). Similar to our snRNA-seq data, we observed fewer nuclei that passed QC
in C9-FTD, and C9-FTD nuclei that passed QC also generally had lower TSS enrichment score
and number of unique fragments in all major cell types (Fig. S3.10d-e).

We found 39,830 cell-type-specific sSnATAC peaks marking regions of accessible
chromatin (FDR < 0.05, log,FC > 0.5 in one cell type vs. the rest; Fig. 3.5a). However, we
identified no significant (FDR < 0.05) differential peaks between C9-ALS and control in each
major cell type. We also estimated the chromatin accessibility within peaks sharing the same
transcription factor (TF) motif with ChromVAR?®° (Fig. S3.11). Again, we observed that the
variability of ChromVAR scores across nuclei for TF motifs were mainly contributed by the cell
type differences. For example, SOX, SPI and TCF were among the topmost variable TF motifs
in terms of ChromVAR scores (Fig. S3.11a), and their accessibility were enriched in
oligodendrocytes, microglia, and neurons, respectively (Fig. S3.11b-d).

Although snATAC-seq can in principle provide fine-grained resolution of cell types, the
accuracy of clustering and thus the reliability of the pseudo-bulk profiles is limited by the sparse

data from individual cells. Indeed, we found that the distinction between neuronal cell types was
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not as clear using snATAC-seq data (Fig. S3.10a, c) as it was using shnRNA-seq (Fig. 3.1a). We
therefore used a complementary strategy, isolating bulk samples of nuclei from four major
populations by FANS. Using antibodies against three cell-type-specific nuclear markers, we
purified astrocytes, oligodendrocyte lineage cells, microglia, and neurons (Fig. S3.5b). We then
profiled active enhancers and promoters marked by histone 3 lysine 27 acetylation (H3K27ac)
using ChlP-seq (Fig. S3.5¢)?®'. The ChlP-seq data had very high signal/noise ratio, with strong
correlation between replicates for the same cell type (r=0.94+0.029, mean * s.d.) and lower
correlation for different cell types (r=0.41+0.084; Fig. 3.5b; Table S3.11). The correlation was
equally strong between C9-ALS and control subjects as it was between control subjects.
snATAC data had lower inter-replicate correlation for the same cell type (r=0.76+0.16) and
higher correlation between cell types (r=0.52+0.11; Fig 5b; Table S3.11).

We observed that the ChlP-seq data correlated strongly with the snATAC-seq tracks
from corresponding cell types (r=0.62+0.086), while the correlation for different cell types was
lower (r=0.3610.087; Fig. 3.5b; Table S3.11). Both assays marked cell-type-specific regions of
accessible and active regulatory chromatin. The correspondence between H3K27ac and
snATAC data at cell-type-specific enhancers was evident at the locus of the ALS risk gene
ERGIC1%%2 where multiple sSnATAC peaks coincide with H3K27ac peaks (Fig. 3.5c). The
ChlIP-seq tracks generated from bulk nuclei had deeper coverage than the snATAC-seq data (on
average 2.25-fold more unique mapped sequence fragments), and we observed a
corresponding higher signal/noise ratio in the H3K27ac tracks (Fig. 3.5¢).

We found multiple differentially acetylated (DA) chromatin regions in C9-ALS subjects
compared with controls (FDR < 0.05; Table S3.7). There was a large difference in numbers of
DA regions between the cell types, with 16 DA regions detected in neurons vs. 2945 in
astrocytes. For example, we observed more active chromatin (increased H3K27ac), along with
increased gene expression, at the CD44 locus in astrocytes from C9-ALS compared to control

subjects (Fig. 3.5i). This disparity is likely explained by heterogeneity of neuronal subtypes
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which precludes the detection of the DA regions in the bulk population. Notably, as stated
above,differential accessibility analysis of the snATAC-seq datasets did not reveal significant
differences between ALS and control subjects even in astrocytes. We attributed the lack of
differential snATAC-seq peaks to the lower signal/noise ratio in these datasets, as well as the
statistical burden of multiple comparisons in analysis of the thousands of genome-wide open
chromatin regions.

To further characterize patterns of disease-related differences in epigenetic regulation
and connect them with transcriptional alterations, we investigated genome-wide correlations
among all three data types: H3K27ac ChlP-Seq, snATAC-seq, and snRNA-seq. In particular, we
examined the relationship between cell-type-specific signatures of ALS in each pair of datasets
using gene expression, gene activity score, and H3K27ac peaks (Fig. 3.5d). To link gene
expression with open chromatin (snRNA vs. snATAC), we calculated the gene activity score for
strongly DE genes (FC > 2) (Methods). Disease-associated changes in gene expression
correlated with open chromatin for astrocytes and OPCs in motor cortex, and in astrocytes and
microglia in frontal cortex (FDR < 0.05, Fig. 3.5e, Fig. S3.10f; Table S3.12). Indeed, for
astrocytes we found that key upregulated markers including GFAP, CD44, HSPB1, TPM4, and
CNTNAPS3, contained more open chromatin in C9-ALS subjects (Fig. 3.5f). By contrast,
significantly downregulated genes such as SERINC1 contained less open chromatin. Notably,
we did not observe a significant correlation between snATAC and snRNA signatures of C9-ALS
neurons, oligodendrocytes, or microglia, potentially indicating that chromatin accessibility is less
affected in those cell types.

Next, we compared differential expression with chromatin activation at the gene
promoter (snRNA vs. H3K27ac). This analysis revealed a strong positive correlation for three
glial cell types (astrocytes, oligodendrocytes, and microglia; p < 10, Fig. 3.5g-h). The
correlation was especially strong for microglia, even though fewer genes were DE in microglia

compared with astrocytes (r=0.51 for microglia and r=0.33 for astrocytes). The strong
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consistency of C9-ALS-related differential sShRNA and H3K27ac signals in microglia supports
the robustness of our observations in these cells. For example, we found that the gene MYO1E
was transcriptionally upregulated in microglia and had a corresponding enrichment of active
chromatin at its promoter (Fig. 3.5h-i). Whereas ALS-related differences in expression were
correlated with H3K27ac in a cell-type-specific manner for the non-neuronal cells (Fig. 3.5g), the
neuronal ChIP-seq data was less consistent with snRNA, most likely because it represents a
mixture of diverse neuronal subtypes.

Finally, we directly compared the two epigenetic data types for the glial cells (Fig. 3.5j),
focusing on H3K27ac differentially acetylated peaks. We found that C9-ALS-related changes in
chromatin accessibility were positively correlated with H3K27ac in both astrocytes and microglia

(p < 0.05, Fig. 3.5j).
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Figure 3.5 | Epigenetic alterations correlate with transcriptome dysregulation in C9-ALS.

(a) Normalized chromatin accessibility at cell-type-specific SnATAC peaks in 11 major cell types identified
in snATAC-seq. (b) Pearson correlation of snATAC and H3K27ac ChlIP-seq signal in 1 kb genomic bins.
Box-and-whisker plots show the distribution of correlations between replicates for the same cell type, or
across different cell types. (c) Genome browser view of snATAC-seq and H3K27ac ChIP-seq signals from
astrocytes and microglia at the ERGI/C1 locus. Track height represents pseudo-bulk counts normalized by
reads in TSS for snATAC-seq, or average signal (counts normalized to one million reads) across donors
for ChlP-seq. Bottom track highlights a H3K27ac peak that is significantly reduced in C9-ALS. (d)
Schematic of pairwise comparisons (shown in subsequent panels) of C9-ALS effects on the transcriptome
(snRNA-seq), chromatin accessibility (snATAC-seq), and histone modification H3K27ac (ChIP-Seq). For
each pair of data modalities, we correlated the fold-change of gene- or H3K27ac peak-associated signals.
(e, f) Comparison of snRNA with snATAC. (e) Spearman correlation of the C9-ALS vs. control fold-change
(FC) for snRNA expression vs. snATAC gene activity score in motor cortex. The analysis was limited to
strongly DE genes (FC>2) in each major cell type in motor cortex. Two-sided Spearman’s rank
correlation test: *p<0.05; **p<0.01; ***p<0.001. (f) Scatter plot illustrating the significant correlation
between differential gene expression (snRNA-seq) and snATAC-seq changes in astrocytes in motor
cortex. Selected genes with high concordant FC are labeled. r and p, two-sided Spearman’s rank
correlation test coefficient and p-value. (g, h) Comparison of snRNA with H3K27ac ChIP-Seq, showing
Spearman correlation (g) and scatter plots (h) of DE gene expression (snRNA-seq) vs. promoter
H3K27ac signal (ChlP-seq). Genes with concordant and biggest H3K27ac signal fold-changes were
highlighted in red. (i) Browser view of the CD44 and MYO1E loci, showing the correspondence of
epigenomic and transcriptomic signals. Track height represents average RPKM across donors for
snRNA-seq, pseudo-bulk counts normalized by reads in TSS for snATAC-seq, or average signal (counts
normalized to one million reads) across donors for ChlP-seq. Pink rectangles highlight significant
H3K27ac differential peaks that were increased in astrocytes from C9-ALS samples. (j) Correlation of
snATAC vs. H3K27ac ChlP-seq signal at differential H3K27ac peaks. Box plots show the distribution for
upregulated (N=2054 for astrocytes and 20 for microglia) and downregulated peaks (N=40 for
astrocytes and 122 for microglia). r and p, two-sided Spearman’s rank correlation test coefficient and
p-value. In each box plot in panels (b) and (j), the lower and upper hinges correspond to the first and third
quartiles; the whiskers extend 1.5 * IQR (interquartile range) away from the hinges; and the center
denotes the median.
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3.2.6 A distinct signature of glial dysregulation in C9-FTD

Our initial analyses showed striking differences in snRNA-seq data from C9-FTD
compared with C9-ALS, despite the shared genetic risk factor. Notably, the proportion of
high-quality excitatory and inhibitory neurons was 2.1-fold lower in frontal cortex in C9-FTD
compared with control (Fig. 3.6a-b). No such reduction in the proportion of neurons was
observed in C9-ALS. The reduction in high-quality neurons in C9-FTD samples was mainly due
to a high proportion of low-quality nuclei with a smaller number of detected genes and a high
proportion of mitochondrial RNA (Fig. S3.1a-c; Fig. S3.12a). Notably, flow cytometry showed no
difference in the overall proportion of neurons (NeuN+ SOX10- cells) in any of the donor groups
(Fig. S3.5d), suggesting that the depletion of the frontal cortex C9-FTD neurons in snRNA-seq
was due to the lower quality of neuronal nuclear RNA. Neurons were also depleted among
high-quality snRNA-seq nuclei in many of the motor cortical samples, but the proportion was
more variable and not significantly different from controls on average (Fig. 3.6b). Among
neurons, the ratio of excitatory to inhibitory neurons was not significantly different (Fig. 3.6c; Fig.
S3.12b). Although our study cannot distinguish between lower tissue quality due to technical
factors (e.g., tissue handling) vs. disease effects, the lower proportion of high-quality nuclei that
we observed was limited to a specific cell type (neurons), donor population (C9-FTD), and brain
region (frontal cortex), which is consistent with the expected pattern of tissue-level pathology in
C9-FTD.

The number of high-quality neurons sampled from C9-FTD patients was too low for
statistically meaningful analysis of the transcriptome. However, our data enabled high-resolution
analysis of the molecular dysregulation in C9-FTD glial cells. We found thousands of DE genes
in astrocytes, oligodendrocytes and OPCs, as well as a smaller but significant number of DE
genes in microglia (Fig. 3.6d; Table S3.8, S3.9). After downsampling to equalize the statistical
power across non-neuronal cell types and brain regions, we found that astrocytes and OPCs

were the most strongly affected cell types (Fig. 3.6e). We were surprised to find more DE genes
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in glial cells in motor cortex than in frontal cortex, in contrast to the more pronounced depletion
of high quality neurons in frontal cortex (Fig. 3.6e). This observation could indicate that glial
responses to neuronal degeneration in C9-FTD are distributed through multiple cortical regions.
In both motor and frontal cortices, we found strongly correlated differential gene expression
fold-changes in the single nucleus and FANS RNA-seq data for corresponding glial cell types
(Fig. 3.6f). As in C9-ALS, we found that glial DE genes in C9-FTD had consistent effect sizes in
both cortical regions (Fig. 3.6g). We clustered the glial DE genes in C9-FTD, identifying groups
of genes specifically affected in oligodendrocytes and OPCs (C2-C5) or in astrocytes (C6, C7)
(Fig. 3.6h). These genes exhibited generally consistent effects in both motor and frontal
cortices.

We next directly compared the disease effects in glia cells between C9-ALS and
C9-FTD. To avoid double dipping, we split the 6 control donors into two groups and ran a
second differential test for each glial cell type (Methods). We detected only a small number of
shared DE genes between the two diseases (Fig. S3.12c). Also, the most strongly affected DE
genes (fold-change > 2) in one disease showed inconsistent disease-associated changes in the
other disease (Fig. S3.12d-e). To identify the most pronounced differences, we looked at genes
that were DE in both C9-ALS and C9-FTD, and highlighted several genes that were altered in
the same or in opposite directions (Fig. 3.6i). We found that GFAP was strongly upregulated in
motor cortex in both diseases, consistent with activation of astrocytes. On the other hand, the
voltage-gated potassium channel regulator protein, LG/1, was upregulated in C9-FTD but
downregulated in C9-ALS in astrocytes from motor cortex®®. Notably, clearance of extracellular
potassium by astrocytes is essential for controlling neuronal excitability?®*. NAV2 that encodes
Neuron Navigator 2, showed an opposite pattern of expression in oligodendrocytes from frontal
cortex. Neuron Navigator 2 was suggested to be involved in CNS development, and the NAV2
gene has been implicated in Alzheimer's Disease?®2%. These results suggest a distinct pattern

of transcriptome dysregulation in C9-ALS and C9-FTD.
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Figure 3.6 | Lower proportion of high-quality neurons and alteration of non-neuronal transcription
in C9-FTD.

(a) Distribution of the abundance of three cell classes and 14 major cell types across brain regions and
diagnoses. (b, c) Relative abundance of neurons (b), and percent of excitatory neurons among all
neurons (c). Circles represent biologically independent individual donors; N=6 C9-ALS and 6 control
samples for both brain regions, and N=5 and 4 C9-FTD samples from motor cortex and frontal cortex,
respectively. In each box plot, the lower and upper hinges correspond to the first and third quartiles; the
whiskers extend 1.5 * IQR (interquartile range) away from the hinges; and the center denotes the median.
*Two-sided Welch’s t-test p=0.016, 0.041, and 0.039 for the comparisons from left to right, respectively.
(d) The number of DE genes in FTD vs. control (FDR <0.05, FC>1.2) in glia. () Comparison of the
number of FTD vs. control DE genes between the motor and frontal cortex after downsampling to 30
nuclei per donor in each cell type. Random downsampling was performed 10 times. Dots and error bars
represent mean + SEM. (f) Spearman correlation between gene expression FC from snRNA-seq vs.
FANS-sorted bulk RNA-seq. Correlation was performed using significant DE genes in CO9-FTD vs. control
identified in snRNA (FDR <0.05, FC > 1.2). *Spearman correlation test, FDR <0.05. (g) Transcriptional
changes in C9-FTD were consistent in two cortical regions. r, Pearson correlation. (h) K-mean clustering
analysis of strongly DE genes in C9-FTD vs. control (>2 fold-change). (i) Comparison of the disease
fold-changes in C9-ALS and C9-FTD for astrocytes (Astro), oligodendrocytes (Oligo), and OPC. To avoid
double-dipping, the control donors were split into two groups and used to compute the fold-changes for
C9-ALS and C9-FTD respectively (see Methods). Only genes that were significantly DE in both
comparisons with these split controls are shown in the scatter plot. Highlighted are examples of genes
that are also significantly DE in our full model reported in Fig. 3.2a and Fig. 3.6d.
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3.3 Discussion

Both sporadic and C9-associated ALS and FTD are widely considered to be initiated by
degenerative processes in motor or von Economo neurons, respectively?®'-2*3, Yet, mounting
evidence indicates that the broader population of neuronal and non-neuronal cells play key roles
in the pathology of these diseases. Here, we used single nucleus transcriptome and epigenome
sequencing from autopsied human motor and frontal cortices of cases and controls to identify
the specific cell types and the biological pathways that are altered in C9-ALS or C9-FTD. These
data, together with bulk RNA-seq and epigenetic (H3K27ac ChlP-seq) assays in
FANS-separated nuclei, revealed distinct molecular pathologies in C9-ALS and C9-FTD across
cell types and brain regions.

Previous studies have implicated all major classes of glial cells and blood-borne immune
cells in the pathology of ALS*7287-2%_Yet, it remains unclear how these findings, largely based
on animal or in vitro models of (C9)-ALS, may translate to human ALS patients. Our analysis
showed that among non-neuronal cells, astrocytes were the most strongly affected in C9-ALS.
We found comparatively fewer gene expression changes in microglia and oligodendrocytes.
This finding may be partly explained by the fact that our data reflect the end-of-life
transcriptional disruption in C9-ALS, rather than gene expression changes at earlier stages of
the disease. We detected transcriptional upregulation of markers of astrocyte activation, and of
cytoskeleton and cell-surface protein remodeling in C9-ALS astrocytes. This is consistent with
the hypothesis of a common astrocytic response to many forms of injury and neurodegenerative
diseases, termed ‘astrogliosis’ or ‘astrocyte reactivity’, which are often accompanied by
profound structural changes, including changes in different filament systems and the actin
cytoskeleton?®*®. Similar to C9-ALS, C9-FTD astrocytes also exhibited upregulation of activation
markers (GFAP, CD44).

Anatomical studies showed that ALS causes degeneration of the giant upper motor

neurons (Betz cells) which are rare cells located in layer 5b of the primary motor cortex and
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account for only ~10% of the pyramidal cells in this layer?*°. A recent large-scale study of the
human motor cortex identified cells consistent with the size and shape of Betz cells in two Layer
5 extratelencephalic clusters (Exc L3-5 FEZF2 ASGR2 and Exc L5 FEZF2 CSN1S1), but these
clusters also included other neurons with pyramidal morphologies®'. In the absence of specific
markers, we were not able to reliably separate a cluster corresponding to Betz cells in our
snRNA-seq data. However, all deep layer (L5/6) excitatory neurons are generally considered
vulnerable in ALS?*%2%? and we found transcriptional dysregulation of L5/6 excitatory neurons
which was more extensive in motor than in frontal cortex. Surprisingly, we found even more
extensive gene dysregulation in C9-ALS in upper layer (L2/3) excitatory neurons, which were
equally afflicted in both cortical regions. This finding is intriguing given that L2/3 neurons, which
mainly project intratelencephalically to connect to distant cortical regions and striatum, are
greatly expanded as a proportion of the cortical neuron population in human compared with
marmoset or mouse®*?%, The extensive pathological alterations in L2/3 neurons in both motor
and frontal cortices could thus contribute to the cognitive and behavioral symptoms in
C9-ALS®4,

Whereas genes downregulated in C9-ALS excitatory neurons showed the most
significant enrichments for categories associated with neuron-specific functions, probably
reflecting neuronal degeneration associated with the disease, the upregulated genes mostly
affected mitochondrial function, proteostasis, and protein synthesis pathways. Impaired
mitochondrial energy production and functions (e.g., maintenance of Ca* homeostasis) have
been described in many animal and in vitro models of ALS, albeit with conflicting results?®*. Our
data showed upregulation of the nucleus-encoded mitochondrial genes in deep and upper layer
excitatory neurons in both cortical regions. By contrast, recent electron microscopy observations
in autopsied motor cortex show decreased mitochondrial density and length in ALS patients?%.
Mitochondria were also decreased in animal and cell models of ALS#’. We detected no

changes for the three mitochondrial proteins that were encoded by the C9-ALS vs. controls DE
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genes and that were assessed in our Western blot experiments. Of note, mitochondrial genes
are highly expressed in all cell types and our protein assay was performed in bulk brain tissue,
precluding the detection of the neuron-specific signal. Therefore, we cannot reliably evaluate the
relationship between these transcriptional and protein alterations in the C9-ALS neurons. Still,
our findings suggest that upregulation of mitochondrial genes in C9-ALS could reflect adaptation
in the surviving mitochondria, at least at the transcriptional level, potentially to satisfy the energy
demands of the neuronal cells. It has been suggested that energy demand might be
substantially higher in C9-ALS than healthy brains, as the accumulation of DPRs and TDP43
protein aggregates or their pathogenic oligomers in C9-ALS neurons triggers upregulation of
multiple systems that maintain cellular homeostasis?®. In turn, the high energy cost of
homeostasis might require an unsustainable increase in energy production. Consistent with this
connection, in addition to upregulation of mitochondrial genes, we detected upregulation of
proteostasis genes that encode heat shock proteins and their co-chaperones, and we confirmed
upregulation of several proteostasis proteins encoded by the DE genes in C9-ALS motor cortex.
Our major snRNA-seq findings in C9-ALS are summarized in Fig. 3.7. Our global analyses of
gene expression differences across donors showed particularly pronounced disruption of
transcriptome in excitatory neurons in C9-ALS and astrocytes in both C9-ALS and C9-FTD
(Supplementary Figs. 14-15).

Our epigenomic data, including single nucleus open chromatin (snATAC-seq) and
histone modification H3K27ac chromatin immunoprecipitation (ChiP-seq), complement our
cell-type-specific transcriptome findings. The high quality of our epigenomic data from multiple
donors allowed us to identify significant C9-ALS disease-associated changes of H3K27ac at
promoters and distal regulatory elements, which correlated with differential gene expression and
chromatin accessibility in specific glial cell types. We further found coordinated effects in
C9-ALS on a large number of distal regions marked by open chromatin and H3K27ac. Notably,

epigenomic alterations were more pronounced in glial cells compared with neurons, although
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this could partly reflect the difficulty of distinguishing cells from diverse neuronal types in sparse
snATAC-seq data.

Our study provides a high-resolution view of the transcriptional and epigenetic
alterations in individual cell types from the brains of C9-ALS and C9-FTD donors and offers a
valuable resource for the scientific community. A limitation of this approach is that we cannot
distinguish cell-type-specific alterations that represent direct effects of C9 mutation from
end-of-life consequences of neurodegeneration and the resulting disease which are present in
the C9-ALS or C9-FTD cases. Also, our methods do not allow for a spatial resolution of the
ALS-associated transcriptome dysregulation, which provides valuable information of how this
dysregulation participates in the spread of ALS or FTD pathology?®°. Although we confirmed that
differential expression of some genes results in the corresponding changes in protein
expression, it is possible that some disease-associated mMRNA effects are counteracted by
homeostatic regulation of translation, justifying future large-scale proteomic studies of ALS and
FTD brain. Lastly, a large number of low-quality neurons in C9-FTD patients precluded
statistically meaningful analysis of the neuronal transcriptome. Overall, this work demonstrates
the value of large-scale single cell/nucleus studies in patients to establish the cell-type-specific
molecular pathology of C9-ALS and C9-FTD, which will be essential for developing targeted

disease-modifying therapies.
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Figure 3.7 | Summary of the major results of our snRNA-seq analysis of postmortem brain
samples from C9-ALS donors.

We detected that the most pronounced transcriptional disruption in C9-ALS concentrated in excitatory
neurons and astrocytes. These changes were highly consistent in motor and frontal cortices. C9-ALS
astrocytes showed increased expression of genes associated with activation and structural remodeling.
C9-ALS upper-layer (L2/3) and deep-layer (L5/6) excitatory neurons had increased expression of genes
related to proteostasis, metabolism, whereas genes related to neuronal function were downregulated. In
both cortical regions, there were more extensive gene dysregulation in upper layer vs. deep-layer

excitatory neurons.
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3.4 Methods
3.4.1 Human samples

Human frozen postmortem tissues were obtained from the Mayo Clinic Brain Bank
(Jacksonville, FL USA). Notably, 3 of the 12 control brains were obtained via the Einstein Aging
Study. All brains were acquired with informed consent, and procedures were conducted
according to the approved Institutional Review Board protocol (IRB# 15.009452). Data analysis
was conducted as exempt human research, considering that these were postmortem brain
samples, and they were not specifically collected for this study. The samples were dissected
from the dorsolateral prefrontal cortex (Brodmann area 9; BA9; hereafter “frontal cortex”) and/or
motor cortex (Brodmann area 4; BA4), which are of particular relevance for ALS and FTD
pathological diagnosis, respectively. A total of 17 donors with C9-ALS (N=6), C9-FTD (N=5), or
controls determined to have no remarkable pathology (N=6) were used for snRNA-seq,
snATAC-seq, bulk RNA-seq in FANS-separated nuclei from major brain cell type, and
automated Western blotting studies (Table S3.1). A separate group of C9-ALS (N=6) and normal

(no remarkable pathology, N=9) donors was used in H3K27ac ChlP-seq studies (Table S3.1).
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All subjects were confirmed negative for protein-coding mutations in TARDBP, FUS,
NEK1, GRN, MAPT, or TBK1. C9orf72 repeat expansions were confirmed via repeat-primed
PCR and Southern blotting. ALS/FTD neuropathologic changes were assessed in both BA4 and
BA9 using immunohistochemistry for TAR DNA binding protein 43 (TDP-43). C9-FTD cases
presented TDP pathology in PFC with almost no inclusions in motor cortex, along with no Betz
cells depletion. In C9-ALS cases, TDP pathology was concentrated in motor cortex with a
severe depletion of Betz cells. All C9-ALS cases had clinical features of muscle weakness and
atrophy with fasciculations, with at most mild cognitive and memory impairment (3 of 10 cases)
or mild dementia (2 of 10 cases) (Supplementary Dataset 1). None of the C9-ALS cases had
parkinsonism or significant apathy. Only 1 case had mild depression and 2 cases had some
personality changes. In contrast, all 7 FTD cases had dementia with behavioral abnormalities

(most often frontal type), but only 2 had mild muscle weakness.

3.4.2 Statistics and Reproducibility
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This study was designed to determine transcriptional and epigenetic alterations in the
brains of ALS and FTD donors with the repeat expansion in C9orf72 (C9) gene in single cell
resolution. For this purpose, we performed snRNA-seq and snATAC-seq in postmortem samples
from C9-ALS (N=6), C9-FTD (N=5) and pathologically normal donors (N=6). To compare the
impact across different cortical regions, these studies were performed in motor cortex and
frontal cortex, which have been considered to be afflicted the most in ALS and FTD,
respectively. For validation, the single nucleus studies were complemented by RNA-seq and
epigenetic (H3K27ac ChIP-seq) assays in FANS-separated nuclei from major brain cell types,
as well as by automated Western blotting in bulk motor cortex tissue. No statistical methods
were used to predetermine sample size because effect sizes were unknown before
experiments. The investigators were not blinded to the disease status of the donors. Samples
were randomly assigned to batches for nuclear isolation and library preparation. All statistics
tests were performed in R (v4.1.2) and Python (v3.7.12), and the details of the tests used in
each analysis are provided in the main text, figure legends and the following paragraphs of the

Method section.

3.4.3 Nuclei isolation and snRNA/snATAC-seq using the 10X Genomics platform

Nuclei were isolated from 50-70 mg frozen brain tissue, using the previously published
protocol®*®. For each donor, brain tissues from the motor cortex and frontal cortex were
dissected with a scalpel blade. The tissues were then homogenized on ice in 5mL lysis buffer
(0.32 M sucrose, 3 mM Mg(Ac),, 3 mM CaCl, 0.1 mM EDTA, 1 mM DTT, 0.1% Triton-X, and 10
mM Tris-HCI pH 8.0 in DEPC-treated water), containing 0.4 U/plfreshly added Recombinant
RNase Inhibitor (RRI; Takara, Cat. # 2313A) until no chunks of tissue were visible in the tissue
suspension (~20 strokes) using a glass Dounce homogenizer (Thomas Scientific; Cat. #
3431D76; size A). The homogenized tissues were filtered through a 40 ym strainer

(Thermofisher; Cat. # 22-363-547) and transferred to a 30 mL thick polycarbonate
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ultracentrifuge tube (Beckman Coulter; Cat. # 355631). Nine mL of the sucrose buffer (1.8 M
Sucrose, 3 mM Mg(Ac),, 1 mM DTT, and 10 mM Tris-HCI pH 8.0 in DEPC-treated water) were
added to the bottom of the tubes with the tissue homogenate, and the tubes were centrifuged at
112,500 g (25,000 rpm using SW28 rotor) for 2.5 hours at 4°C. The supernatant was aspirated,
and the nuclear pellet was submerged on ice for 20 min in 250 uL of DEPC-treated water-based
PBS, containing 1% BSA and 0.4 U/uL RRI. The nuclear pellet was then resuspended and
filtered twice through a 30 um cell strainer (Miltenyi Pre-separation Filters; Cat. # 130-041-407).
Nuclei were counted using a hemocytometer and diluted to ~2,000 nuclei/uL before performing
single-nucleus capture on the 10X Genomics Single-Cell 3’ system. The 10X capture and library
preparation protocols were used without modification. Matched control, C9-ALS and C9-FTD
samples were loaded on the same 10X chip to minimize potential batch effects. Single-nucleus
libraries from individual samples were pooled and sequenced on the NovaSeq 6000 instrument
(HNlumina) with an average depth of ~10,870 unique molecular identifiers (UMIs) per nucleus for

snRNA-seq and ~8,223 unique fragments per nucleus for snATAC-seq.

3.4.4 Fluorescence-activated nuclei sorting (FANS) and nuclear RNA-seq of the three
populations of the human brain cells (neurons, oligodendrocyte lineage cells, and other
glia)

The isolation of brain nuclei prior to the flow cytometry separation was based on the
previously published protocol. Tissue (~300 mg) was homogenized in ice-cold lysis buffer
(320 mM sucrose, 5 mM CaCl,, 3 mM Mg(Ac),, 0.1 mM EDTA, 0.1% Triton X-100, 1 mM DTT, 1
U/ulRRI, and 10mM Tris-HCI, pH 8.0), underlaid with the sucrose buffer (1.8 M Sucrose, 3 mM
Mg(Ac),;, 1 mM DTT, 0.4 U/ulRRI, and 10 mM Tris-HCI pH 8.0), and centrifuged for 1h at 98,600
g (24,000 rpm using SW41Ti rotor). The nuclear pellets were then resuspended in the
antibody-incubation buffer (0.5% BSA, 3mM MgCl,, 1 U/uIRRI, and 10 mM Tris-HCI, pH 8.0)

and incubated with antibodies against NeuN and SOX10 for 1 hr at 4°C. FANS method was then
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used to isolate neurons (NeuN+SOX10- population), oligodendrocyte lineage cells
(NeuN-SOX10+ population), consisting of mature oligodendrocytes and a smaller population of
OPCs, and a third population (NeuN-SOX10-; hereafter “other glia”) that mostly consisted of
astrocytes and microglia.

NeuN (also known as RNA-Binding Protein RBFOX3) is a well-established marker of
neuronal nuclei*®'. SOX10 is a transcription factor specifically expressed in oligodendrocyte
lineage cells. The application of anti-SOX10 antibodies to isolate oligodendrocyte lineage nuclei
was described by Frisen and colleagues®?. We used Alexa488-conjugated anti-NeuN antibodies
(1:1000 dilution, Millipore, Cat. # MAB377x) and anti-SOX10 antibodies (R&D Systems, Cat. #
AF2864) that were custom conjugated to Alexa647 (1:150 dilution, Cat# FCMAB317PE,
Millipore). DNA stain DAPI was used to label intact nuclei (see Fig. S3.5 for details). From each
sample, we collected 250-300 thousand (K) nuclei of neurons, 250-300K of oligodendrocyte
lineage cells, and 150-200K nuclei of other glia. Nuclei were collected directly to the lysis buffer
from PicoPure RNA Isolation Kit (ThermoFisher Scientific, Cat. # KIT024), which was then used
for RNA isolation. RNA-seq libraries were prepared with the SMARTer Stranded Total RNA-seq
Kit, Pico-Input v2 (Takara, Cat. # 634414) from 10ng of the RNA. Libraries were sequenced on a
NovaSeq 6000 instrument (lllumina), using paired-end 100 cycles protocol to an average of 120

million read pairs per sample.

3.4.5 FANS and H3K27ac ChiP-seq of the four populations of the brain cells (neurons,
oligodendrocyte lineage, astrocytes, and microglia)

FANS protocol to isolate neurons, oligodendrocyte lineage, astrocytes, and microglia
was performed as described in the previous section, except removing RRI from all buffers,
adding 0.1 mM benzamidine, 0.1 mM phenylmethylsulfonyl fluoride (PMSF) to the lysis buffer,
and adding antibodies against interferon response factor 5 (IRF5). IRF5 is highly enriched in

cells of myeloid origin, including microglia®®®. The IRF5 antibodies allowed the separation of
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astrocytes and microglia within the other glia (NeuN-OLIG10-) population (see Fig. S3.5 for
details). In this FANS protocol, we used PE-conjugated anti-NeuN antibodies (1:1,000 dilution,
Millipore, Cat. # FCMAB317PE), anti-SOX10 antibodies (R&D Systems, Cat. # AF2864), which
were custom-conjugated to Alexa647 (1:150 dilution), and Alexa488-conjugated anti-IRF5
antibodies (1:200 dilution, R&D Systems, Cat. # 1C4508G).

We employed the native ChlIP protocol (N-ChIP) in which chromatin fragmentation is
performed using micrococcal nuclease (MNase) without crosslinking proteins to DNA%,
100-150K of each cell type were collected and used for each ChlIP reaction. We used
anti-H3K27ac antibodies from Active Motif (Cat# 39133; rabbit polyclonal, 3 ug per sample).
ChlIP-Seq libraries were prepared with the NEBNext Ultra [l DNA Library Prep Kit for lllumina
(New England Biolabs, Cat. # E7645). The resulting libraries were sequenced on a NovaSeq
6000 instrument (lllumina), using paired-end 100 cycles protocol, to an average of 60 million
read pairs per sample. For each diagnostic group, three input control samples obtained from

MNAse-digested DNA were prepared and sequenced.

3.4.6 Jess/Wes automated, multiplex Western blot assay

Capillary Western analyses were performed using the ProteinSimple Jess-Wes System
(San Jose, CA, USA). The following reagents were used: Jess/Wes-Separation Module
[2-40kDa Kit (Cat. # SM-W012) 12-230 kDa Kit (Cat. # SM-W004) and 66-440 kDa kit (Cat. #
SM-WO007)]; Jess/Wes- anti-rabbit, anti-mouse, and anti-goat Detection Module kit (Cat. #
DM-001, DM-002 and DM-006, respectively); anti-mouse, anti-rabbit and anti-goat secondary
antibodies (Cat. # 042-205, 042-206 and 043-522-2, respectively); antibody diluent (Cat #
042-203); EZ standard Pack 1, 3 and 5, containing biotinylated ladder (molecular weight 12-230
kDa, 66-440 kDa, and 2-40 kDa, respectively); fluorescent (FL) standards, containing 29 kDa
(Cat. # PS-ST01EZ), 90 kDa (PS-ST0O3EZ), and 26 kDa (PS-STO5EZ) system controls;

dithiothreitol (DTT); streptavidin-HRP; luminol-S, peroxide; sample buffer (Cat. # 042-195); and
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wash buffer (Cat. # 042-202). The Separation Module kit included capillary cartridge and
pre-filled microplates. Primary Antibodies used were specific for HSP90 (Mouse, R&D Systems
Cat, # MAB3286; Clone # 341320), GFAP (Mouse, Sigma Cat, # G3893), CD44 (Mouse, R&D
Systems, Cat. # BBA10; Clone # 2C5), CHI3L1 (Goat, R&D Systems, Cat. # AF2599), HSP70
(Rabbit, R&D Systems, Cat. # AF1663), HSP27 (Rabbit, R&D Systems, Cat # AF1580),
RANBP3L (Rabbit, Novus Cat # NBP2-38347), KCND3/Kv4.3 (Rabbit, Novus Cat. #
NBP2-76945), DNMT3A (Mouse, Novus Cat # 64B1446), NEFL (Mouse, R&D Cat #
MAB22163; Clone #1002615), Clusterin (Mouse, Novus Cat. # MAB2937, clone 3500227),
RAP1GAP (Rabbit, Novus Cat. # NBP1-53072), UbiquitinB (Mouse, Novus Cat. # NBP3-07163,
clone UBB/1748), TGFB2 (Goat, Novus Cat # AB-112-NA), MAOB (Rabbit, Novus Cat #
NBP3-15411, clone 5M8A5), ATP5A (Rabbit, Novus Cat # NBP2-92928), Cytochrome C
(CYCS) (Rabbit, Novus Cat # NBP2-21569), and COX5A (Rabbit, Novus Cat # NBP1-32550).

The assay was performed in the motor cortex samples from C9-ALS and control donors
(Table S3.1). For each subject, ~ 80-100 mg of tissue were homogenized in lysis buffer (3ul/mg
of tissue) [0.32M Sucrose, 5mM CaCl2, 3mM Mg(Ac)2, 150 mM NacCl, 0.1 mM EDTA, 0.1%
Triton X100, 3% lIgepal.NP-40 (v/v), 1% sodium deoxycholate (w/v), 0.1% SDS (w/v), 1mM
PMSF, Protease Inhibitor Cocktail (Sigma, St. Louis, MO; 1:100 v/v), and 10mM Tris (pH 8.0)]
using a ME220 focused ultrasonicator (Covaris, Cat # 500506). Burst setting of 20 Sec, power
setting of 180 watts were used; the suspension was chilled at 4 °C between ultrasonic bursts.
Following homogenization, an additional 0.2mM of PMSF was added to each sample, and the
samples were incubated on ice for 30 min. The homogenates were then centrifuged at 10,000 g
for 20 min at 4 °C, and the supernatant (whole-tissue extract) was transferred to a new tube.
Total protein concentrations of the whole-tissue extracts were measured using Qubit Protein
Assay (ThermoFisher Scientific, Cat # Q33211). Samples were stored at —-80 °C.

On the day of an experiment, samples (whole-tissue extracts) were defrosted and diluted

with 0.1X Sample Buffer (from a 10X stock). The diluted samples were then combined with 5X
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Fluorescent (5X FL) Master Mix (containing 5X sample buffer, 5X fluorescent standard, and
200 mM DTT) in a 4:1 ratio and denatured by heating at 95 °C for 5 min using TruTemp DNA
Microheating System (Robbins Scientific, Cat # 1057-30-0). The Fluorescent Master Mix
contains three fluorescent proteins that serve to normalize the separation distance within each
capillary, as the molecular weight ladder is loaded only to the first capillary. Following the
denaturation step, the samples, blocking reagent, chemiluminescent substrate (mixture of
luminol-S and peroxide in a 1:1 ratio), washing buffer, HRP-conjugated secondary antibodies,
and a primary antibody were dispensed into designated wells in the assay plate. Following
plate-loading, the samples were subjected to a fully automated capillary separation
electrophoresis and immunodetection. One target protein was tested in each assay, and the
corresponding primary antibodies were diluted to ensure the linear dynamic range of detection
for each protein. The following dilutions were used: 1:5 dilutions for clusterin (CLU), 1:10 dilution
for CHI3L1, CD44, HSP90, KCND3/Kv4.3, DNMT3A, RAP1GAP, Ubiquitin B, COX5A and 1:20
dilution for GFAP, HSP27, NRFL, RANBP3L, MAOB, ATP5A, CYCS.

For the statistical analysis, ProteinSimple Compass for SW software was used to extract
areas under peak values, which were used to analyze the immunoreactive signals. A two-sided
Welch’s t-test was used to compare the signals between C9-ALS and control, where the
averaged signals between two replicates for each donor were used as observations (6 donors
each for C9-ALS and control), and the comparisons with a p-value less than 0.05 were deemed

significant.

3.4.7 GFAP immunofluorescence

Frozen human postmortem motor cortex blocks from control and C9-ALS samples were
embedded in OCT (TissueTek Sakura) and cryosectioned at 10um at —20 °C (Thermo Cryostar).
Sections were placed onto Superfrost Plus glass slides (Fisher Scientific), dried for 20 min at

-20 °C, sealed, and stored at —80 °C until use. Immunofluorescence staining was performed in
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accordance with the previously published protocol*®. Sections were washed in 1x PBS for 60
min, treated with 0.5% sodium borohydride to remove aldehydes, rinsed in PBS, incubated for
10 min in 3% hydrogen peroxide to inhibit endogenous peroxidase, and then incubated in
blocking solution (1xPBS, 0.3% Triton-X 100, 10% Normal Goat Serum, 1% Bovine Serum
Albumin) for 2 hours at room temperature (RT). This was followed by overnight incubation at

4 °C in blocking solution with rabbit anti-GFAP primary antibodies (1:1,000; Millipore Sigma, Cat.
#AB5804). Sections were then washed 3 times in 1x PBS (10 min each) and incubated with
goat anti-rabbit IgG Alexa Fluor 594 secondary antibodies (1:500, Invitrogen). Subsequently,
sections were incubated in 0.1% Sudan Black in 70% ethanol for 5 min at RT to suppress
autofluorescence, washed in Tris buffer saline (pH 7.6) 3 times (15 min each), cover-slipped
with ProLong Gold antifade reagent with DAPI (Invitrogen), and seal with nail polish.
Fluorescent labeled sections were imaged using 63x oil-immersion objectives. The images were
captured on an inverted Zeiss LSM 700 confocal microscope (Zeiss, Germany). Double labeling
was confirmed by acquiring z-stacks at 1 to 0.5 pm intervals through cells of interest and by
maximum intensity projection (MIP) views. The images were acquired in 2 control and 2 C9-ALS

subjects, 3 sections per subject and 3 fields in each section.

3.4.8 snRNA-seq data preprocessing, clustering and cell type annotation

snRNA-seq reads were mapped to the human GRCh38 genome with a custom
pre-mRNA annotation (modified RefSef gene annotation where each gene transcript locus was
listed as an exon) using 10x Genomics Cell Ranger (v3.0.2)*% with the default parameters. The
raw feature-by-droplet matrices generated from the “cellranger count” module were then fed to
CellBender (v0.2.0)*” to distinguish cell-containing from cell-free droplets and retrieve
noise-free cell-by-gene quantification tables using the following parameters: “--expected-cells
1500 --total-droplets-included 18000 --model full --epochs 150 --cuda --low-count-threshold 15

--fpr 0.01 --learning-rate 0.0001 --posterior-batch-size 5 --cells-posterior-reg-calc 50”.
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Scrublet (v0.2.3)'® was then used in the CellBender-generated h5 file for each sample
to compute the doublet score for each nucleus with an expected doublet rate of 0.06. Based on
the simulated doublet histogram of doublet scores, we set the doublet score cutoff to 0.2 and
this threshold worked well for all samples.

Next, Seurat (v4.0.4)*® was used to create a merged object containing all the samples,
and to perform the following downstream processing. Nuclei with fewer than 500 detected
genes, more than 1% reads that mapped to the mitochondrial genome, or a doublet score
greater than 0.2 were excluded from further analysis. Sctransform3®® normalization was
performed on the remaining nuclei, with the mitochondrial mapping percentage and the
sequencing batches set as the confounding sources of variation to be removed. Principal
component analysis (PCA) was run with the top 3000 highly variable genes in the normalized
nuclei-by-gene matrix, and the first 30 principal components were used to run Harmony
(v0.1.0)*'° integration with sample IDs, donor IDs and sequencing batches set as covariants.
Then, a k-nearest-neighbor graph was constructed with k set as 30, and the nuclei were
clustered using Leiden clustering with a resolution of 1. This gave rise to 29 clusters, and UMAP
(Uniform Manifold Approximation and Projection)*"! was used for visualization (Fig. 3.1a, the
leftmost panel).

The nuclei were then classified into three classes (excitatory neurons, inhibitory neurons,
and non-neurons) using several well-established marker genes (Fig. S3.3a). For each of these
three classes, a subset of nuclei was created from the full dataset, and the aforementioned
Sctransform normalization, PCA, Harmony integration and Leiden clustering steps were run on
each of these subsets. This iterative clustering process reselects the highly variable genes in
the context of each cell class and hence may give better resolution in finding distinct
subclusters. We used SC3 stability index®'? and Clustree (v0.5.0)*" to evaluate and visualize the
stability of the clusters across a range of resolutions for the Leiden community detection

analysis (Fig. S3.2f). With the Leiden resolution set as 1.5, 0.5 and 1, we identified 24, 23, and
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23 subclusters for excitatory neurons, inhibitory neurons and non-neurons, respectively. These
subclusters were annotated using the expression of selected marked genes (Fig. S3.3b-d). Note
that six subclusters seemed to express marker genes of multiple cell classes (for example an
excitatory subcluster with expressions of oligodendrocyte marker genes), which were potential
doublets that failed to be captured by the Scrublet pipeline. We labeled these subclusters as
“ambiguous” and removed them from further consideration. We also noticed one excitatory
neuron subcluster that highly expressed the TUBB2A gene but had a low number of detected
genes, and one non-neuron subcluster that expressed marker genes of immune cells (but no
expression of microglia marker genes). We also excluded these two subclusters from the
downstream analysis. After annotation, we identified 49 distinct subpopulations of excitatory
neurons, inhibitory neurons and non-neuronal cells. To estimate how well our annotation
matched with the cell types annotated in the recent human motor cortex single nuclei study by

the Allen Institute for Brain Science®, we used Seurat’s “FindTransferAnchors” and
“TransferData” functions to transfer the annotation labels from the AIBS reference dataset to our
dataset. A confusion matrix was constructed with the prediction labels (label with the highest
prediction score) from the data transfer and the labels from our annotation, and the adjusted
rand index was calculated to measure the similarity between the two (Fig. S3.4). Cell type
nomenclature mostly followed the common cell type nomenclature (CCN) convention presented

by the Allen Institute for Brain Science®®*'*, with slight modifications to reflect the specific

marker genes found in our dataset.

3.4.9 Differential expression analysis in snRNA-seq

We first performed unsupervised analysis to characterize the similarity of samples from
each patient in an unbiased manner. We created pseudobulk counts with nuclei originating from
each donor for each cell type, computed normalized counts with DEseq2’s median of ratios

method (v1.36.0)%*"°, and performed PCA separately for each cell type and each brain region
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using the log normalized counts (Fig. S3.14). Although the number of subjects is limited, we did
observe a separation of the disease and control samples, especially in astrocytes and excitatory
neurons. The inter-individual variability of gene expression was greater in some cell types than
others. Second, we used Augur (v1.0.3)"" to quantify the separability of nuclei from different
diagnoses. Augur employs a machine-learning framework to quantify the separability within a
high-dimensional space. For each cell type, Augur withholds a proportion of sample labels and
trains a random forest classifier on the labeled subset. The classifier predictions are compared
with the experimental labels, and cell types are prioritized on the basis of the area under the
receiver operating characteristic (AUC) of these predictions in cross-validation.This analysis
showed that we can distinguish nuclei from disease or control samples using the gene
expression profile, with the highest AUC of ~0.78 achieved in astrocytes for C9-ALS vs. control
(Fig. S3.15a). Furthermore, for the C9-ALS vs. control analysis, we generated random shuffles
to check how much better these observed AUCs would perform than the shuffles. We permuted
the diagnosis labels of the individual donors (so that all nuclei from each donor will still have the
same diagnosis labels), and required that the two shuffled groups must each contain three
C9-ALS donors and three Control donors, of which three are male and three are female. This
resulted in 82 possible permutations, and we ran Augur to get the AUCs for distinguishing the
two groups. We found that in motor cortex the AUCs from the real diagnosis labels are higher
than the 95% upper confidence intervals in astrocytes, excitatory neurons and VIP inhibitory
neurons. Astrocytes and deep-layer excitatory neurons also have higher AUCs in the observed
than those in the shuffles in the frontal cortex samples (Fig. S3.15b). Last, we applied linear
discriminant analysis (Fig. S3.15c¢) to quantify the discriminability of C9-ALS cells vs. control
cells. We separated the data into training and test sets based on the donor, using 10 donors for
training and 2 for testing (one each from C9-ALS and control). We trained a LDA classifier using

the top 1-10 principal components for each cell type and brain region. The results showed that
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C9-ALS cells could be meaningfully distinguished from control using the top few principal
components in deep and superficial excitatory neurons, and in astrocytes.

Next, we performed the traditional differential expression analysis with the labels of
diagnosis. To ensure a statistically meaningful number of cells from each donor for the
differential expression analysis, we grouped the subpopulations into 14 major cell types with
shared marker genes. In these major cell types, there were at least 15 high-quality nuclei in at
least 4 out of the 6 donors in each group (the combination of diagnosis and brain region). For
the comparison between C9-FTD and control samples, we focused on the non-neuronal cell
types as the C9-FTD samples showed depletion in the numbers of neuronal nuclei (Fig. 3.5a).
To identify the differentially expressed genes (DEGs) between disease (C9-ALS or C9-FTD) and
control across these major cell types in each brain region, we used the model-based analysis of
single-cell transcriptomes (MAST, v1.18.0)**?, where a mixed-effect hurdle model was employed
to model the snRNA expression data as a mixture of a binomial and normal distribution while
systematically accounting for predefined covariates. For each comparison, the raw counts of
chosen nuclei in question were extracted from the “RNA” slot of the Seurat R object and then
normalized to log,CPM (counts per million). Genes that were expressed in at least 10% of the
selected nuclei were kept. The following linear mixed model was then fit with MAST:

y~D+G+U+M+A+S+B+ @D (1)

Here, y is the log,-normalized count of the gene; D is the diagnosis (ALS, FTD or
control); G is the number of genes detected, U is the number of UMIs; M is the percentage of
reads mapped to mitochondrial genes; A is the age of the donor; S is the sex of the donor; B is
the sequencing batch of the sample; and / is the ID of the donor. G, U, M and A were centered
and scaled across the selected nuclei in comparison. The donor ID / was modeled as a
random-effect term while the rest of the covariates were modeled as fixed-effect terms.

Next, a likelihood ratio test (LRT) was performed to identify DEGs by comparing the

model with and without the diagnosis term. Hurdle p-values were reported by MAST, and
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Benjamini & Hochberg’s false discovery rate (FDR) method was used to adjust p-values for
multiple comparisons. The MAST model also reported fold-changes (FC) due to the disease
effect (hereafter referred to as model FC), which were contributed by both the continuous
component (nonzero expression) and the discrete component (expressed or not) of the hurdle
model. We also computed more straightforward fold changes between the groups (hereafter
referred to as average FC) by subtracting the mean log,CPM of selected nuclei in the control
sample from the mean log,CPM of nuclei in the disease sample. In most cases these two
fold-changes were concordant, and we excluded genes with extremely high model FC that
deviated from the average FC. Genes were defined as significantly differentially expressed if
they passed all of the following criteria: the FDR was less than 0.05; the absolute model FC was
greater than 20%; both the continuous and the discrete fits of the hurdle model were
convergent; the upper and lower bounds of the 95% confidence model had the same sign; the
difference between the log,(model FC) and log,(average FC) was less than 2.

To control for the number of nuclei when comparing the disease effect across the major
cell types, we randomly downsampled the dataset to 30 nuclei per donor in each cell type, and
performed the same MAST test as described above. The downsample analysis was done 10
times, and the number of significant DEGs for each cell type was reported as mean + SEM
(standard error of the mean).

To avoid double dipping when comparing the disease effect in non-neuronal cells
between C9-ALS and C9-FTD, we split the 6 control donors into two groups (group 1: C1, C2
and C3, two males and one female; group 2: C4, C5 and C6, one male and two females). The
same MAST test was run as described above, except that the group 1 control donors were used
in the C9-ALS vs. control comparison while group 2 control donors were used in the C9-FTD vs.
control comparison. The overlaps of significant DEGs between the two comparisons were
reported, and the correlations of model fold-changes were estimated using the Pearson

correlation coefficient.
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3.4.10 Gene Ontology (GO) enrichment test

GO enrichment analysis was done using WebGestalt (v2019)*°. Up- and
Down-regulated DEGs identified in each cell type and each comparison were used separately
as input, and all the expressed genes in the corresponding group were set as the reference
gene set (background). GO terms in the functional databases “Biological Process
noRedundant”, “Cellular Component noRedundant” and “Molecular Function noRedundant”
were used, and only terms with 25 to 500 genes were included in the over-representation
analysis. Significantly enriched GO terms (FDR < 0.05) were then clustered by Affinity
Propagation to further remove reductant terms.

To compare the effect size of differential expression between motor cortex and frontal
cortex, we calculated the fold-change difference (A log,FC) between the two brain regions for
genes associated with each GO term of interest. The A log,FC for all expressed genes (labeled
as “all genes” in Fig. 3.4d and Fig. S3.8a) and all DE genes (labeled as “DE genes”) were also
computed and used as baseline control. The two-sided Welch’s t-test was used to test whether
the A log,FC in each group of genes were significantly different from the A log,FC of the “all

genes” control set.

3.4.11 Bulk FANS-sorted nuclear RNA-seq data processing

FastQC (v0.11.8; https://www.bioinformatics.babraham.ac.uk/projects/fastqc/) was used
to examine the quality of the RNA-seq reads. Reads were then trimmed to remove sequencing
adapters and low-quality sequences (minimum Phred score 20) using Trim Galore (v0.5.0, a
wrapper tool powered by Cutadapt'?) in paired-end mode. The first 3 bp from the 5' end of read
1 were also removed. Trimmed reads were then mapped to the human hg38 genome and the
GENCODE annotated transcriptome (release V35) with STAR (Spliced Transcripts Alignment to

a Reference, v 2.7.1a)*'°. Gene expression was estimated using RSEM (RNA-Seq by
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Expectation Maximization, v1.2.30)*". Gene-level ‘expected count’ from the RSEM results were
rounded and fed into edgeR (v3.34.1)*'® to perform differential expression tests separately for
each sorted population in each brain region. Only genes that were expressed (with CPM > 2) in
at least six samples were kept. The read counts of the remaining genes were then normalized
using the TMM method®'®, and DE genes were called in the quasi-likelihood F-test mode with a
cutoff of FDR < 0.05. No DE genes were detected at this FDR cutoff, and we only used the
fold-changes in the bulk RNA-seq data to perform the correlation test with the fold-changes in

snRNA-seq.

3.4.12 snATAC-seq data preprocessing, clustering and cell type annotation

snATAC-seq reads were mapped to the human GRCh38 genome using 10x Genomics
Cell Ranger ATAC (v1.1.0)3%° with the default parameters. Barcode multiplets®*' were removed
using the “clean_barcode_multiplets_1.1.py” script provided by 10x Genomics. The output
fragments files were then imported into ArchR (v1.0.2)*?2 to create Arrow files and an
“ArchRProject” object for the downstream analysis. Fragment size distribution in each sample
was inspected for nucleosomal periodicity, and nuclei with TSS (Transcription Start Site)
enrichment score less than 4 and a number of unique fragments less than 1000 were removed.
Doublet inference and removal were performed using the “addDoubletScores” and
“filterDoublets” functions in ArchR. A cell-by-tile matrix containing insertion counts across
genome-wide 500-bp bins was created, and dimensionality reduction was applied to the matrix
using the iterative Latent Semantic Indexing (LSI) implemented in ArchR (two iterations with the
top 25,000 features). The top 30 dimensions after LS| were used to perform Louvain clustering
(with resolution set as 2) and UMAP visualization.

Next, a cell-by-gene matrix was computed with the gene activity score model
implemented by ArchR. The model accounted for both the accessibility within the entire gene

body and the activity of putative distal regulatory elements using an exponential weighting

131


https://paperpile.com/c/lW7as5/gwMF2
https://paperpile.com/c/lW7as5/jMTEK
https://paperpile.com/c/lW7as5/ej1Xn
https://paperpile.com/c/lW7as5/bxET4
https://paperpile.com/c/lW7as5/fMUcA
https://paperpile.com/c/lW7as5/ECh0e

function that depends on the distance between the insertions and the TSS of the gene of
interest, and gene boundaries were imposed to minimize the contribution of unrelated regulatory
elements to the gene activity score. Gene activity scores of well-defined cell class marker genes
were used to classify the clusters into excitatory neurons, inhibitory neurons and non-neurons. A
subset of nuclei was created for each of these three classes, and a similar LS| and clustering
pipeline was run to identify subclusters in each category. For visualization, the
“addimputeWeights” function was used to impute gene activity scores by smoothing signals
across nearby cells based on a MAGIC?®*? diffusion matrix.

To annotate these subclusters, we integrated the gene activity score matrix in the
snATAC dataset with the gene expression matrix in our snRNA dataset using the
“‘addGenelntegrationMatrix” function. The integration was done in a constrained way, where
subclusters from the three cell classes in the snATAC dataset were only allowed to align to the
subclusters with matching cell classes in the snRNA dataset. The annotation labels from the 14
major snRNA cell types were transferred to each snATAC nuclei with a prediction score to
represent the assignment accuracy. The final annotations of the snATAC subclusters were
determined by first filtering out nuclei with a prediction score less than 0.7 and then taking the
transferred label of 70% supermajority in remaining nuclei for each cluster. Subclusters that
failed to reach the supermajority were labeled as “Mixed” and removed from further

consideration. This resulted in 109,198 high-quality snATAC nuclei of 11 major brain cell types.

3.4.13 snATAC-seq peak calling

To call peaks in each group of interest (the combination of major cell types, brain regions
and diagnosis), we first created pseudo-bulk replicates using the “addGroupCoverages” function
in ArchR with the following settings: the minimum and maximum numbers of replicates were set
to 6 and 28; the minimum and maximum numbers of nuclei per replicate were set to 50 and 500;

the sampling ratio to use if a particular group lacks sufficient cells to make the desired replicates
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was set to 0.8. Next, the “addReproduciblePeakSet” in ArchR was run with MACS2 (v2.2.7.1)%%
set as the peak calling method, where the iterative overlap peak merging procedure was
performed to generate a single merged peak set of fixed-width (501 bp), reproducible peaks that
can be called in at least two samples. A cell-by-peak count matrix was then computed with the
“addPeakMatrix” function. The counts were normalized by the number of reads in TSS across
cells prior to performing marker feature identification, and the cell-type-specific peaks were
identified using the Wilcoxon test in the “getMarkerFeatures” function for each major cell type,
adjusting for the potential bias introduced by the number of unique fragments and TSS

enrichment.

3.4.14 Differential chromatin accessibility between disease and control

Differential chromatin accessibility between disease and control was accessed in two
ways. First, we ran gene-based pair-wise differential tests with the gene activity scores for each
major cell type using the Wilcoxon test in the “getMarkerFeatures” function, accounting for bias
of the number of unique fragments and TSS enrichment. Genes with FDR less than 0.05 were
called significant. In addition, peak-based differential tests were performed to identify
differentially accessible regions (DARs) between disease and control for each maijor cell type.
The cell-by-peak matrix was normalized by the number of reads in TSS across cells and DARs
were identified using the Wilcoxon test in the “getMarkerFeatures” function, adjusting for the
potential bias introduced by the number of unique fragments and TSS enrichment. No

significant DARs were found with an FDR threshold of 0.05.

3.4.15 Accessibility of transcription factor motif
ChromVAR?® was used to estimate chromatin accessibility within peaks sharing the
same transcription factor (TF) motif while controlling for technical biases. First, the

non-redundant transcription factor (TF) motif archetypes (v2.0-beta,
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https://github.com/jvierstra/motif-clustering)*?* were used to scan and annotate the peaks with

the “addMotifAnnotations” function in ArchR. Background peaks were selected based on
similarity in GC content and the number of fragments across all samples using the
“addBgdPeaks” function. The chromVAR deviations and z scores per cell were then computed
for each TF motif using the “addDevationsMatrix” function. To find TF motifs with differential
chromVAR scores between disease and control in each major cell type, t-test and
Brown-Forsythe test were performed on the deviations and z scores, respectively. Motifs with
FDR < 0.05 were called significant. Motif sequence logos were drawn using the “ceqlogo”

module in the MEME Suite (v5.4.1)%%,

3.4.16 H3K27ac ChlP-seq data processing

Raw sequencing data were pre-processed to remove adapters and low-quality
sequences with the HTStream tool (https://github.com/s4hts/HTStream). Reads were mapped to
the human hg38 genome build with BWA-MEM23?” and filtered to remove multi-mapping reads
and low-quality alignments using Samtools®?®. Reads mapping to ENCODE-blacklisted genomic
regions were excluded using BEDTools®*®. H3K27ac-enriched peaks were detected using
MACS?2, including input controls for each cell type and condition, as previously described®®.
Promoter (2 kb upstream and 1 kb downstream from TSS) H3K27ac signal was computed using
the “multiBigwigSummary” module from deepTools (v.3.3.1)*". Differential peaks between
C9-ALS and control for each FANS-sort population were identified using DiffBind®**? in edgeR3"®

mode. Peaks with FDR < 0.05 were called significant.

3.5 Acknowledgements
Chapter 3, in full, is a reprint of the material as it appears in Nature Communications
2023. Li, J., Jaiswal, M. K., Chien, J.-F., Kozlenkov, A., Jung, J., Zhou, P., Gardashli, M.,

Pregent, L. J., Engelberg-Cook, E., Dickson, D. W., Belzil, V. V., Mukamel, E. A. & Dracheva, S.

134


https://github.com/jvierstra/motif-clustering
https://paperpile.com/c/lW7as5/W15zN
https://paperpile.com/c/lW7as5/c8V0w
https://paperpile.com/c/lW7as5/eYRRL
https://paperpile.com/c/lW7as5/GOQeI
https://paperpile.com/c/lW7as5/r0ZFp
https://paperpile.com/c/lW7as5/4qmEt
https://paperpile.com/c/lW7as5/i4nh8
https://paperpile.com/c/lW7as5/nGzC6
https://paperpile.com/c/lW7as5/jMTEK

Divergent single cell transcriptome and epigenome alterations in ALS and FTD patients with
C9orf72 mutation. Nat. Commun. 14, 5714 (2023). The dissertation author was the researcher
and author of this paper.

The study was conceived and designed by JL, VVB, EAM and SD. JL performed
computational analyses of all sequencing data, and generated the majority of figures and tables.
MKJ performed snRNA-seq, shATAC-seq, FANS-sorted bulk RNA-seq, ChlP-seq, and GFAP
immunofluorescence experiments, and generated the GFAP immunofluorescence figure. JC
participated in computational analysis, performed GO analyses and generated GO-related
figures. AK designed and performed FANS-sorted ChIP-seq experiments, and processed the
ChlP-seq data. MKJ and JJ performed and analyzed digital Western Blot validation
experiments. PZ assisted in single cell and FANS-sorted sequencing experiments. MG and LJP
performed dissection of the motor and prefrontal cortices. DWD and EE-C performed cases
chart review to provide clinical information. VVB and DWD provided biospecimens. JL, JC and
EAM designed and built the data browser. JL, SD, and EAM interpreted the results and wrote
the original draft of the manuscript. SD and EAM supervised and provided funding for the study.
All authors read, edited and approved the final manuscript.

We gratefully acknowledge Eugene Koonin for helpful comments, and Ramu
Vadukapuram for performing nuclear sorting for ChlP-seq studies. This work was supported by
VA Merit Awards BX003625 and BX005585 (S.D.); PsychEncode consortium NIH/National
Institute of Mental Health RO1MH122590 (former U01MH122590) (S.D.) and RO1MH122592
(former UOTMH122592) (E.A.M.); RO1AG067151 (V.V.B). We gratefully acknowledge Mayo
Clinic for its financial support of “The Mayo Clinic Brain Bank”. We also gratefully acknowledge
Drs. Boylan and Oskarsson, who are clinicians who were essential in obtaining C9-ALS
autopsies and the Einstein Aging Study (PO1AG003949) for providing tissue of 3 of the 11

control samples in our study.

135



V]

Co-ALS Ca-FTD Control Ca-ALS Control C8-ALS Co-FTD

Ca-FTD
'_E 1
% /—_‘ =
G o0s /. 2
S o sl 5 sl Y
g_ 1 /,_———
2 o g
g | §
(3 o -4 /. | fra] L T T e e e S S )

1.3 10t 108 104 100 10 012345012 34501 2345 6 02 04 0 02 04 0 02 04
Number of detected genes % mitochrondial reads Doublet score
— Ad Fi — C&

— A2 - F2 —C

— A3 — F3 —C5

Donor ID _ sz — gy ca
— A5 — F5 — C2

Al c3

o
7]

Number of nuclei (10°)
(-3 B (-3

[ [ [
| 82
..%“}o
0o %,
oo
4
Nuclei passing QC (%)

E 8 8
g )
odf e :|

”‘%9“ %O“w

0 ud
DD 322I2E CRLET 358888 T¥2ILL CLLT 353888 Mot o
Motor corex Frontal cortex
Diagnosis Co-ALS Ce-FTD Control C8-ALS Ca-FTD Conirol
Region Motor cortex Frontal cortex

Supplemental Figure 3.1 | Quality control (QC) metrics for snRNA-seq data, related to Figure 3.1.
(a) Cumulative proportion of the number of detected genes, percentage of reads mapped to the
mitochondrial genome, and doublet score for nuclei in each snRNA-seq sample, grouped by donor ID,
diagnosis and brain region. Shaded areas in gray mark the nuclei that failed the QC filtering (number of
detected genes > 500, % mitochondrial reads < 1, or doublet score < 0.2). Nuclei in the C9-FTD samples
failed QC mainly due to high percentage of mitochondrial reads. (b) Summary of the total number of
collected nuclei, and the number that passed QC, in each sample. (c) Proportion of nuclei that passed
QC. Circles represent biologically independent individual donors; N = 6 C9-ALS and 6 control samples for
both brain regions, and N = 5 and 4 C9-FTD samples in motor cortex and frontal cortex, respectively. In
each box plot, the lower and upper hinges correspond to the first and third quartiles; the whiskers extend
1.5 * IQR (interquartile range) away from the hinges; and the center denotes the median. *, two-sided
Welch’s t-test p = 0.038, 0.014, and 0.012 for the comparisons from left to right, respectively.
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Supplemental Figure 3.2 | The clusters identified in shnRNA-seq were not biased by known
covariates and were largely stable, related to Figure 3.1.

(a-e) Uniform manifold approximation and projection (UMAP2 ) embedding of snRNA-seq profiles (see
Fig. 3.1a) were colored by brain region (a), diagnosis (b), donor sex (c), sequencing batch (d), or
individual donor (e). (f) Clustree analysis to evaluate cluster stability with increasing Leiden resolutions
from 0 to 3 in our full dataset clustering and the sub-clusterings for the three major cell classes. Clusters
found at each resolution value are represented by nodes in the corresponding column. The nodes are
colored by the SC3 stability index4 and sized proportional to the number of nuclei in the cluster. The
transparency of the edges is adjusted according to the in-proportion, a metric defined as the ratio
between the number of nuclei on the edge and the number of nuclei in the cluster it goes toward. Low
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cell type annotation are highlighted in red circles.
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on the expression of known markers, related to Figure 3.1.

Nuclei were first categorized into excitatory and inhibitory neurons, and nonneuronal cells using cell class
marker genes (a). Fine-grained cell types were then annotated using marker genes for non-neuronal cells
(b), excitatory neurons (c), and inhibitory neurons (d). Major cell types (left colored bars) were defined
using shared marker genes. Normalized expression is defined as the z-score of log(CPM) for each gene
across all cells. Dots were colored by the average normalized expression in each cell type, and dot size
represents the percentage of nuclei expressing the marker genes (with non-zero counts) in the cell type.
CGE, caudal ganglionic eminence; Astro, astrocytes; Endo, endothelial cells; Micro, microglia; Oligo,
oligodendrocytes; OPC, oligodendrocyte precursor cells; VLMC, vascular leptomeningeal cell; IT,

intratelencephalic; CT, corticothalamic; NP, near-projecting; ET, extratelencephalic.
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Supplemental Figure 3.4 | Comparison of the cell types identified in our snRNA-seq dataset with a
previously published dataset, related to Figure 3.1.

(a) Cumulative proportion of the maximum prediction score across nuclei from the label transfer analysis
using the published human primary motor cortex cell types as the reference dataset (see Methods).
Curves are grouped and colored by diagnosis, brain region, and the major cell types identified in our
study. (b) The annotations in Fig. 3.1 and Fig. S3.3 were consistent with cell types in the study of the
human motor cortex5 . ARI, adjusted Rand index.

139



o
o
o

10%y 107
i . B0 A
OILgodendrocyles Neurons =
37% o ® X
33% ta S0
e ~ 10 gm
tr syt i i - 40 4 3
é :E.-.:.. ocyles I\'Iu:rogha 2 Z+ o
< 759 23% s Z d
S . - -~ zZB (o] @
— 10% ] o= =
= a8 S 204 o
g - i
G =
o
107 *E o]
- o 0
Astrocytes+Microglia = ) ) j "
X % 30 =R v I
N W - @™o o™ P et ot
10 T T T 1 T T T 1
100 10! 1098 109 10 10° 10 10¢ 10° 10¢ Motor cortex Frontal cortex
NeuN-PE IRF5-AF488
c Neuron-specific, NPAS4 Astrocyte-specific, GLI3 Microglia-specific, IRF8 Oligodendrocyte-specific, CLON11
O NN TR e e J.l.-l e T T e T e P """H T
. - e M e - = .
NEUR, Donor 1 e i adadb i b
NEUR, Donor2 b oo st Mk sise
ASTR, Donor 1
ASTR, Donar 2
MG, Donor 1 dhid o b
MG, Donor 2 akih . . lh....‘u...-..
oL, Donor 1 . T AT
OLIG, Donor 2 - ) ) ) - bl o e o4
— e cE o HHEE e L L R T T I bbbl fhe e
Genes
NPASE GLIZ IRF8 CLONM

Supplemental Figure 3.5 | Fluorescence-activated nuclei sorting (FANS) isolation of nuclei of
major brain cell types, related to Figure 3.1.

(a,b) Sequential FANS gating procedure to isolate nuclei from cell populations. (a) Three cell populations
were isolated for bulk RNA-seq (Figs. 2e-f and 6f): neurons (NeuN+), oligodendrocyte lineage cells
(NeuN—/Sox10+, consisting mainly of mature oligodendrocytes and a smaller population of OPCs), and
other glia (NeuN-/Sox10—, mostly consisting of microglia and astrocytes). Anti-NeuN and anti-SOX10
antibodies were used to separate these three populations. (b) For H3K27ac ChlP-seq (Fig. 3.5), the
NeuN-/Sox10- population was further split to isolate microglia (IRF5+), and astrocytes (IRF5-). (c)
Validation of FANSseparated neurons, oligodendrocyte lineage cells, microglia and astrocytes using
H3K27ac ChlP-seq. Signals from two donors are shown. In each population, H3K27ac signal enrichment
was detected for known cell-type-specific genes. NEUR, neurons; ASTR, astrocytes; OLIG,
oligodendrocyte lineage; MG, microglia. (d) Percentage of putative neurons (NeuN+SOX10- nuclei) from
FANS. Circles represent biologically independent individual donors; N = 6 C9-ALS, 6 control and 7
C9-FTD samples, respectively. In each box plot, the lower and upper hinges correspond to the first and
third quartiles; the whiskers extend 1.5 * IQR (interquartile range) away from the hinges; and the center
denotes the median. No significant differences were found in any pairwise comparison between diagnosis
groups (two-sided Welch’s t-test, p=0.41-0.97).
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Supplemental Figure 3.6 | Quantification of proteins encoded by genes dysregulated in C9-ALS
astrocytes using automated Western blot analysis, related to Figure 3.3.

(a) Protein levels were determined in selected DE genes identified in astrocytes in our snRNA-seq
analysis. (b) MAOB protein levels from nine C9-ALS and five control donors. Each sample was assessed
in two repeated experiments. (c) Quantifications of protein levels in (b). Arb. units, arbitrary units. Circles
represent the signal for each biologically independent individual donor; N = 9 C9-ALS and 5 control
samples. In each box plot, the lower and upper hinges correspond to the first and third quartiles; the
whiskers extend 1.5 * IQR (interquartile range) away from the hinges; and the center denotes the median.
For each repeat experiment, a two-sided Welch’s t-test was used to compare the immunoreactive signals
between C9-ALS and control. No significant changes of MAOB protein levels were detected (p=0.549 and
0.297



Supplemental Figure 3.7 | Quantification of proteins encoded by genes dysregulated in C9-ALS
excitatory neurons using automated Western blot analysis, related to Figure 3.3.

(a) Same as Fig. S3.6a but for selected DE genes identified in excitatory neurons with our snRNA-seq
dataset. (b) Quantification of protein levels in (a) with automated Western blot analysis. Arb. units,
arbitrary units. Circles represent the average signal across duplicates for each donor; N = 6 C9-ALS and
6 control biologically independent samples. *, two-sided Welch’s t-test p < 0.05; ***, p < 0.001. HSP90
and CLU proteins were upregulated (p = 6.35e-4 and 0.041, respectively), KCND3 was downregulated (p
= 0.036), and HSP27, RAP1GAP and DNMT3A proteins were not significant (p = 0.226, 0.238 and 0.163,
respectively). None of the tested genes had a change in protein abundance in the opposite direction from
the mRNA expression change. (¢) ATP5A, CYCS and COX5A protein levels (n=10 C9-ALS and 6 control
donors for CYCS; n=9 C9-ALS and 5 control donors for ATP5A and COX5A). Each sample was assessed
in two repeated experiments. (d) Quantifications of protein levels in (c). Arb. units, arbitrary units. Circles
represent the signal for each donor; N = 10 C9-ALS and 6 control donors for CYCS, and N = 9 C9-ALS
and 5 control donors for ATP5A and COX5A. For each repeat experiment, a two sided Welch’s t-test was
used to compare the immunoreactive signals between C9-ALS and control. No significant changes of
ATP5A, CYCS or COX5A protein levels were detected (p=0.206-0.757). In each box plot in panels (b) and
(d), the lower and upper hinges correspond to the first and third quartiles; the whiskers extend 1.5 * IQR
(interquartile range) away from the hinges; and the center denotes the median.
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Supplemental Figure 3.8 | Functional enrichment analysis of differentially expressed (DE) genes in
upper- and deep-layer excitatory neurons, related to Figure 3.4.

(a) Left panel: Top gene ontology (GO) terms enriched for genes downregulated in upper and/or deep
layer excitatory neurons. Enrichments of the same terms for downregulated DE genes in other neuronal
cell types are shown for comparison. Enriched GO categories (FDR<0.01) were selected by affinity
propagation. Right panel: Differences in the C9-ALS vs. control fold changes between motor and frontal
cortex (A log2FC = log2FC in motor cortex - log2FC in frontal cortex). The boxes denote the distribution of
these differences (A log2FC) for all expressed genes in each GO category. As background comparisons,
the distributions of these differences for all expressed genes (labeled as “all genes”) and for all ALS vs.
control DE genes (labeled as “DE gene”) are shown on top. Two-sided Welch’s t-tests were used to test
whether the A log2FC in each group of genes were significantly different from the A log2FC of the “all
genes” control set. No significant differences were found. In each box plot, the lower and upper hinges
correspond to the first and third quartiles; the whiskers extend 1.5 * IQR (interquartile range) away from
the hinges; and the center denotes the median. Exact N numbers and p-values for this analysis are
provided in Table S3.5. (b) Comparison of effects in motor vs. frontal cortices for GO categories
exemplifying processes/structures that are specific for neurons (synapse organization, axon
development), or important for neuronal function (passive transmembrane transport activity). r, Pearson
correlation coefficient. (c) mMRNA expression fold-change (C9-ALS vs. control) of top 10 DE genes for GO
terms enriched for upregulated DE genes (left panel) and downregulated genes (right panel) in
fine-grained upper- and deep-layer excitatory neurons.
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Supplemental Figure 3.9 | QC metrics used in the shnATAC-seq data pre-processing, related to
Figure 3.5.

(a) Distribution of snATAC-seq fragment sizes in each sample that passed QC, showing periodicity related
to nucleosome spacing. (b-c) Box-and-whisker plots to show the distribution of transcription start site
(TSS) enrichment score (b) and number of unique fragments (c) across nuclei grouped by samples. In
each box plot, the lower and upper hinges correspond to the first and third quartiles; the whiskers extend
1.5 * IQR (interquartile range) away from the hinges; and the center denotes the median.
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Supplemental Figure 3.10 | The epigenetic landscape of C9-ALS brain cells determined by
snATAC-seq, related to Figure 3.5.

(a) Clustering n=109,198 high-quality snATAC-seq profiles (TSS enrichment = 4, unique fragments =
1,000 per cell) identified 11 major brain cell types. The clusters were annotated by transferring labels from
the snRNAseq data (see Methods). (b) Major cell types from snATAC-seq were distributed across brain
regions, diagnosis groups, sex, and donors. TSS, transcription start site. (c) snATAC-seq signal at
cell-type-specific marker genes. Track height represents pseudo-bulk counts normalized by reads in TSS.
(d-e) Box-and-whisker plots to show the distribution of TSS enrichment score (d) and number of unique
fragments (e) across nuclei grouped by major cell types. In each box plot, the lower and upper hinges
correspond to the first and third quartiles; the whiskers extend 1.5 * IQR (interquartile range) away from
the hinges; and the center denotes the median. N numbers for each box plot in panels (d) and (e) can be
derived from the full metadata information of each nucleus from the snATAC-seq data provided in Table
S3.6. (f) Spearman correlation of the C9-ALS vs. control fold-change (FC) for snRNA expression vs.
snATAC gene activity score in frontal cortex; the corresponding analysis for motor cortex is shown in Fig.
3.5e. The analysis was performed for strongly DE genes (FC > 2) in each major cell type in frontal cortex.
Two-sided Spearman’s rank correlation test: *, p < 0.05; **, p < 0.01; ***, p < 0.001.
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Supplemental Figure 3.11 | ChromVAR scores in non-redundant transcription factor (TF) motif
archetypes, related to Figure 3.5.

(a) Variability (standard deviation) of the ChromVVARG Z scores across all nuclei for TF motif archetypes
(see Methods). (b) Distribution of ChromVAR Z score across nuclei from each major cell type for three
representative TF motif archetypes with high variability. Sequence logos of the motif archetypes are
shown on top. (c) ChromVAR Z scores of motif archetypes for each cell are displayed on the UMAP
embedding. (d) Heatmap of average ChromVAR Z scores across groups of nuclei (columns) by major cell
types, brain region and diagnosis, for the top 100 motif archetypes (rows) with highest variability across
all nuclei. Top 3 cell-type-specific motif archetypes for each cell type are labeled.
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Supplemental Figure 3.12 | Comparison of the disease effect on gene expression in non-neuronal
cells in C9-ALS and C9-FTD, related to Figure 3.6.

(a-b) Related to Fig. 6b-c. Relative abundance of neurons (a), and percent of excitatory neurons among
all neurons (b) using relaxed QC criteria (without thresholds on the number of detected genes, the
percentage of mitochondrial reads, and doublet scores). This analysis included all 195,144 non-empty
droplets determined by CellBender. No significant difference in the percentage of neurons was detected
between diagnostic groups in (a) (two-sided Welch’s t-test, p=0.20-0.76). Circles represent individual
donors; N = 6 C9-ALS and 6 control samples for both brain regions, and N = 5 and 4 C9-FTD samples
from motor cortex and frontal cortex, respectively. *, two-sided Welch’s t-test p = 0.021. In each box plot,
the lower and upper hinges correspond to the first and third quartiles; the whiskers extend 1.5 * IQR
(interquartile range) away from the hinges; and the center denotes the median. (c) Number of significant
DE genes identified in the two diseases. For this analysis, control samples were split into two independent
groups (from different donors) for comparison with C9-ALS and with C9-FTD to avoid double dipping (see
Methods). (d-e) Heatmap to compare the gene expression fold-changes of C9-ALS vs. control and
C9-FTD vs. control. Strongly DE genes (fold-change > 2) identified from the full dataset (same genes
shown in Fig. 3.2d for C9-ALS and Fig. 3.6h for C9-FTD) were used, and the fold-changes from the split
control analysis were shown to avoid double dipping.
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Supplemental Figure 3.13 | Comparison of C9-ALS vs. control gene expression fold-changes with
AD vs. control gene expression fold-changes.

(a) Spearman correlations of disease fold-changes between C9-ALS (this study) and AD for matching cell
types. Only genes that were significantly DE in both diseases were included in this analysis. Asterisk
denotes significant correlations (FDR < 0.05). (b-e) Scatter plots showing the correlation of the disease
fold-changes between the two diseases for astrocytes, oligodendrocytes, and excitatory neurons in the
two studies. Examples of genes with concordant or discordant changes in the two diseases are
highlighted. n, number of significant DE genes in both studies in the corresponding cell types; rho and p,
two-sided Spearman’s rank correlation test coefficient and p-value.
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Supplemental Figure 3.14 | Principal component analysis of the pseudobulk shnRNA-seq counts
from each donor in each cell type.

(a-b) Separation of the pseudobulk gene expression profiles in each major cell type for C9-ALS and
control donors in motor cortex (a) and frontal cortex (b). (c-d) Separation of the pseudobulk gene
expression profiles in each non-neuronal nuclei for C9- FTD and control donors in motor cortex (c) and
frontal cortex (d). Counts were normalized with DEseq2’s median of ratios method , and the natural
logarithm of the normalized count plus one was used in the principal component analysis. CGE, caudal
ganglionic eminence; Astro, astrocytes; Endo, endothelial cells; Micro, microglia; Oligo, oligodendrocytes;
OPC, oligodendrocyte precursor cells; VLMC, vascular leptomeningeal cell; Exc, excitatory neurons; Inh,
inhibitory neurons; PC, principal component.
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Supplemental Figure 3.15 | Separations of disease and control samples in the shnRNA-seq dataset.
(a-b) Cell type prioritization using Augur. (a) The area under the receiver operating characteristic curve
(AUC) was reported by Augur as a metric of the separability between the disease (C9-ALS or C9-FTD)
and control samples. (b) For C9-ALS vs. control, n = 82 random shuffles with balanced diagnosis and sex
were generated by permutation of the diagnosis labels of the donors. Augur was run on these shuffles
and the mean AUCs are shown in grey dots. Data are presented as mean values +/- 95% confidence
intervals of the mean. Observed AUCs with real diagnosis labels are shown in red dots. Cell types that
were not detected in all 12 donors were omitted in this analysis. (c) Discriminability of C9-ALS vs. control
cells is shown as the area under the receiver operating characteristic (ROC) for four sets of cells. Donors
were split using k-fold cross-validation, with 10 subjects used for training a linear discriminant classifier
and 2 subjects used for testing (one control and one C9-ALS subject). The AUC for training subjects
(orange) increases with the number of PCs used, whereas the test-set AUC (blue) shows that the C9-ALS
cells can be significantly discriminated from the control cells using the top few PCs. Data are presented
as mean values +/- 95% confidence intervals of the mean; n = 6 groups of split samples. Astro,
astrocytes; Endo, endothelial cells; Micro, microglia; Oligo, oligodendrocytes; OPC, oligodendrocyte
precursor cells; VLMC, vascular leptomeningeal cell; Exc, excitatory neurons; Inh, inhibitory neurons;
AUC, area under the ROC curve.
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APPENDIX

Supplemental tables below are provided separately in Excel format in a zip file.

Chien_SupplementalTable1.1_Donor_metadata.xlsx: Donor age, sex and total nuclei
passing quality control metrics in Chapter 1.

Chien_SupplementalTable1.2_Cell_type_composition.xlsx: Number of cells per donor and
cell type in Chapter 1.

Chien_SupplementalTable1.3_Age_differentially_expressed_genes.xIsx: List of age-DEGs
with adjusted p-value (FDR) < 0.05 and their statistics analyzed by Dream in Chapter 1.

Chien_SupplementalTable1.4_Age_differentially_methylated_regions.xlIsx: List of
age-DMRs called using DSS in Chapter 1.

Chien_SupplementalTable1.5_Sex_differentially_expressed_genes.xlsx: List of sex-DEGs
with adjusted p-value (FDR) < 0.05 and their statistics analyzed by Dream in Chapter 1.

Chien_SupplementalTable1.6_Sex_differentially_methylated_regions.xlIsx: List of
sex-DMRs called using DSS in Chapter 1.

Chien_SupplementalTable1.7_Cell_metadata.xIsx: Quality control information and cell type
annotation for each cell in Chapter 1.

Chien_SupplementalTable2.1_Donor_metadata.xlsx: Metadata of the donors in Chapter 2.

Chien_SupplementalTable2.2_Age_differentially_expressed_genes.xlsx: List of age-DEGs
with adjusted p-value (FDR) < 0.05 and their statistics analyzed by Dream in Chapter 2.

Chien_SupplementalTable2.3_Sex_differentially_expressed_genes.xlsx List of sex-DEGs
with adjusted p-value (FDR) < 0.05 and their statistics analyzed by Dream in Chapter 2.

Chien_SupplementalTable3.1_Donor_metadata.xlsx: Metadata of the donors in Chapter 3.

Chien_SupplementalTable3.2_Cell_RNA_metadata.xlsx: Metadata and cell type annotations
of all high-quality nuclei from snRNA-seq in Chapter 3.

Chien_SupplementalTable3.3_ALS_motor_differentially_expressed_genes.xlsx: List of
C9-ALS vs. control differentially expressed genes identified in each major cell type in motor
cortex in Chapter 3.

Chien_SupplementalTable3.4_ALS_frontal_differentially_expressed_genes.xlsx: List of
C9-ALS vs. control differentially expressed genes identified in each major cell type in frontal
cortex in Chapter 3.

Chien_SupplementalTable3.5_ALS_gene_ontology.xlsx: Gene Ontology enrichment results
for C9-ALS vs. control differentially expressed genes in Chapter 3.

Chien_SupplementalTable3.6_Cell_ATAC_metadata.xlsx: Metadata and cell type
annotations of all high-quality nuclei from snATAC-seq in Chapter 3.
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Chien_SupplementalTable3.7_ALS_H3K27ac_differential_peaks.xlsx: H3K27ac differential
peaks between C9-ALS and control identified in ChIP-seq in Chapter 3.

Chien_SupplementalTable3.8_FTD_motor_differentially_expressed_genes.xlsx: List of
C9-FTD vs. control differentially expressed genes identified in each non-neuronal cell type in
motor cortex in Chapter 3.

Chien_SupplementalTable3.9_FTD_frontal_differentially_expressed_genes.xIsx: List of
C9-FTD vs. control differentially expressed genes identified in each non-neuronal cell type in
frontal cortex in Chapter 3.

Chien_SupplementalTable3.10_Western_blot_signal.xlsx: Digital Western Blot signal for
tested genes in C9-ALS and control samples in Chapter 3.

Chien_SupplementalTable3.11_correlation_ ATAC_H3K27ac.xlsx: Pearson correlations of
snATAC-seq and H3K27ac ChIP-seq signal in 1kb genomic bins in C9-ALS and control samples
in Chapter 3.

Chien_SupplementalTable3.12_correlation_RNA_ATAC.xlsx: Spearman correlation of the
C9-ALS vs. control fold-changes for snRNA expression vs. snATAC gene activity score in
Chapter 3.
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