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Mammalian Brains
Abstract
Recent efforts to develop single-cell technologies have played a pivotal role in our ability to gain a highresolution understanding of how tissue heterogeneity impacts human health, development, and disease.
These technologies have become so powerful and popular in such a short period of time, and scientists
and entrepreneurs alike are beginning to realize their potential. Concerted efforts are underway to
generate “comprehensive reference maps of all human cells – the fundamental units of life – as a basis
for both understanding human health and diagnosing, monitoring, and treating disease.” This goal
belongs to The Human Cell Atlas, which is a world-wide consortium of scientists ready to advance on this
truly massive undertaking to map all aspects of human health, diversity, and wellness at the single cell
level. Measurements of single-cell genomes, transcriptomes, epigenomes (methylomes/genome
architecture) at all stages and states of human existence will be included, and to this end, new
technologies are constantly being developed and refined to contribute to this venture. In this thesis, I will
discuss two single-cell technologies that I developed, which will deepen our understanding of how cells
function. Both of our techniques are built upon the current state-of-the art in single cell technologies to
address major limitations of current techniques and contribute to the powerful repertoire of single-cell
transcriptomics/epigenomics. First, we identified significant challenges associated with single-cell
isolation and dissociation from complex adult tissues. Chemical or enzymatic dissociation of complex
tissues elicits stress response pathways and ectopic transcription, confounding single-cell RNA-seq data.
In addition, cells from previously frozen tissues have compromised cellular membranes, which limits our
ability to generate high-quality single-cell isolates. We identified that single-nucleus input might address
these pitfalls associated with whole-cell isolation, because nuclei can be mechanically isolated from
complex adult tissues and are resistant to the freeze-thaw process. Thus, we set out to develop a singlenucleus RNA sequencing strategy using the Drop-seq microfluidic platform. To this end, we successfully
developed sNucDrop-seq which illustrated that single-nucleus RNA libraries could be utilized to reflect
cellular heterogeneity and were also primed to assay activity-dependent transcriptional dynamics due to
the primarily nascent nature of transcripts localized in the nucleus. In addition, we were the first to
develop a base-resolution single-cell 5-hydroxymethylome (5hmC)- and “true” 5-methylcytosine (5mC)
joint-profiling technology to assess the relationship of two DNA modifications with transcriptional
outcomes in the same single cell. The current state-of-the-art DNA methylome profiling technologies rely
solely on bisulfite conversion, which cannot distinguish 5hmC from 5mC. Because 5hmC is significantly
enriched and seemingly stable in the central nervous system (CNS), and 5hmC and 5mC are associated
with opposing transcriptional outcomes, it is essential to resolve this base-ambiguity to fully understand
epigenetic regulatory mechanisms in 5hmC-enriched cells.
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ABSTRACT

DEVELOPMENT OF SINGLE-CELL TRANSCRIPTOMIC & EPIGENOMIC SEQUENCING
TECHNOLOGIES TO ASSESS CELL-TYPE-SPECIFIC GENE REGULATORY PROGRAMS
IN MAMMALIAN BRAINS
Emily B. Fabyanic
Hao Wu

Recent efforts to develop single-cell technologies have played a pivotal role in our ability
to gain a high-resolution understanding of how tissue heterogeneity impacts human health,
development, and disease. These technologies have become so powerful and popular in such a
short period of time, and scientists and entrepreneurs alike are beginning to realize their potential.
Concerted efforts are underway to generate “comprehensive reference maps of all human cells –
the fundamental units of life – as a basis for both understanding human health and diagnosing,
monitoring, and treating disease.” This goal belongs to The Human Cell Atlas, which is a worldwide consortium of scientists ready to advance on this truly massive undertaking to map all
aspects of human health, diversity, and wellness at the single cell level. Measurements of singlecell genomes, transcriptomes, epigenomes (methylomes/genome architecture) at all stages and
states of human existence will be included, and to this end, new technologies are constantly being
developed and refined to contribute to this venture. In this thesis, I will discuss two single-cell
technologies that I developed, which will deepen our understanding of how cells function.
Both of our techniques are built upon the current state-of-the art in single cell
technologies to address major limitations of current techniques and contribute to the powerful
repertoire of single-cell transcriptomics/epigenomics. First, we identified significant challenges
associated with single-cell isolation and dissociation from complex adult tissues. Chemical or
iii

enzymatic dissociation of complex tissues elicits stress response pathways and ectopic
transcription, confounding single-cell RNA-seq data. In addition, cells from previously frozen
tissues have compromised cellular membranes, which limits our ability to generate high-quality
single-cell isolates. We identified that single-nucleus input might address these pitfalls associated
with whole-cell isolation, because nuclei can be mechanically isolated from complex adult tissues
and are resistant to the freeze-thaw process. Thus, we set out to develop a single-nucleus RNA
sequencing strategy using the Drop-seq microfluidic platform. To this end, we successfully
developed sNucDrop-seq which illustrated that single-nucleus RNA libraries could be utilized to
reflect cellular heterogeneity and were also primed to assay activity-dependent transcriptional
dynamics due to the primarily nascent nature of transcripts localized in the nucleus. In addition,
we were the first to develop a base-resolution single-cell 5-hydroxymethylome (5hmC)- and
“true” 5-methylcytosine (5mC) joint-profiling technology to assess the relationship of two DNA
modifications with transcriptional outcomes in the same single cell. The current state-of-the-art
DNA methylome profiling technologies rely solely on bisulfite conversion, which cannot
distinguish 5hmC from 5mC. Because 5hmC is significantly enriched and seemingly stable in the
central nervous system (CNS), and 5hmC and 5mC are associated with opposing transcriptional
outcomes, it is essential to resolve this base-ambiguity to fully understand epigenetic regulatory
mechanisms in 5hmC-enriched cells.
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CHAPTER 1: Introduction
1.1

The advent of single-cell technologies

1.1.1

The necessity of single-cell technologies
Before molecular analysis in single-cells was possible, the scientific community relied on

bulk sequencing of the genome, epigenome, transcriptome, and proteome. Bulk sequencing has
proven its utility in studying human health and disease. Whole-genome DNA sequencing across
the human population garnered essential insights into how genetic variation is associated with
disease (Genome-Wide Association Studies; GWAS) (Buniello, MacArthur et al. 2019). In
addition, bulk sequencing methods can generate generalized gene expression profiles across
healthy versus diseased tissues, which has led to a tissue-level understanding of pathways
targetable through therapeutic intervention. Most mechanistically-informed drug development has
historically relied on bulk molecular analysis, which encompasses both the study of disease
mechanisms and target identification as well as therapeutic efficacy (Santos, Ursu et al. 2017).
Not all bulk molecular profiling in tissues or disease contexts is straightforward or immediately
conclusive, though. GWAS-identified loci are not always easily associated with a downstream
functional consequence. It is essential in some cases to study these genetic variants at higher
resolution, in specific disease-associated cellular subtypes to gain a more accurate understanding
of mechanisms underlying disease (Uffelmann, Huang et al. 2021).
We’re learning that tissues contain far more heterogeneity than previously thought
(determined by cell type, position, function, and/or state), thus, bulk analysis alone is inadequate
to form strong, biological associations. Unaccounted tissue heterogeneity is widespread in
publicly available datasets and leads to study irreproducibility and inconsistent findings (Sturm,
List et al. 2021). Thus, the need for cell-type-specific molecular profiling technologies is
essential, and single-cell technology development has been identified as an ideal solution. The
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scope of these technologies is progressively expanding our capability to understand complex
biological questions at unprecedented resolution.
The advantage of single-cell technologies lies in their ability to profile tissue
heterogeneity in an unbiased fashion. Single-cell transcriptomics is the most widely adopted suite
of technologies, but massive innovation has also occurred in an effort to map individual cellular
genomes, epigenomes, and proteomes. The development of these technologies has led to a
worldwide initiative to create a Human Cell Atlas, which aims to “create comprehensive
reference maps of all human cells as a basis for both understanding human health and diagnosing,
monitoring, and treating disease.” The implications of such an expansive and comprehensive
dataset will never stagnate. As we collect more data and develop new techniques surrounding this
initiative, we will continue to make significant progress in better understanding human
development and disease.

1.1.2

The evolution of single-cell transcriptomics
1.1.2.1 The history and development of single-cell transcriptomics
The rationale behind developing single-cell transcriptomic technologies stemmed from

our inability to profile whether specific cell types are responsible for various aspects of tissue
function or uniquely associated with disease. Average transcriptomic measurements in bulk cell
populations are likely to mask important gene-expression differences that result in functional
heterogeneity amongst a seemingly homogeneous cell population. Additionally, the requirement
to sort specific cell types via transgenic mouse models or cell surface-presenting antigens to
isolate a cellular subtype not only relies on prior information, but these prerequisites can severely
limit the potential scope of the study and/or require significant labor/time-intensive sample
preparation efforts. The theoretical benefit of single-cell transcriptomic technologies is that they
have the potential to discover new cell types/states in an unbiased fashion and they can provide a
2

comprehensive, high-resolution understanding of functional heterogeneity within and across
previously defined “cell types.”
The first single-cell RNA-seq technology was reported in 2009 (Tang, Barbacioru et al.
2009), which sparked a surge in the development of new technologies: Smart-seq (Ramsköld,
Luo et al. 2012), MARS-seq (Jaitin, Kenigsberg et al. 2014), STRT-seq (Islam, Zeisel et al.
2014), Smart-seq2 (Picelli, Faridani et al. 2014), InDrop (Klein, Mazutis et al. 2015), Drop-seq
(Macosko, Basu et al. 2015), CEL-seq2 (Hashimshony, Senderovich et al. 2016), 10x Chromium
(Zheng, Terry et al. 2017), MATQ-seq (Sheng and Zong 2019), and ScNaUmi-seq (Lebrigand,
Magnone et al. 2020). This innovation has been integral to the Human Cell Atlas initiative, as
capability to generate larger and more expansive datasets through complementary techniques has
soared. Below, I will discuss the combinatorial advancements from these technologies that have
built the foundation for reproducible and high-throughput single-cell molecular profiling
methods.

1.1.2.2 Microfluidic advances
Droplet microfluidic technologies were a major innovation in the single-cell
transcriptomic space. In brief, droplet microfluidic platforms allow for co-encapsulation of single
cells and barcode-containing beads or hydrogels such that RNA molecules from an individual cell
can be uniquely labeled and attributed to their cell-of-origin upon sequencing. This platform
design revolutionized single-cell transcriptomics because of ease of collection of thousands of
multiplexed single-cell transcriptomic libraries, greatly reducing the cost and labor associated
with these experiments in the past. Current single-cell transcriptomic technologies that make use
of microfluidics platforms are: 10x Genomics Chromium, Drop-seq, and InDrop. These
techniques have unique advantages and disadvantages related to platform design and the ability to
modify the techniques for unique applications. For example, reverse transcription occurs after
3

droplet breakage in Drop-seq, immediately during droplet generation with the 10x Genomics
technology. Our lab has specifically utilized this aspect of the Drop-seq technology to develop a
time-resolved RNA sequencing method (Qiu, Hu et al. 2020), which leverages the capability to
perform on-beads chemical conversion of the captured RNA molecules prior to reverse
transcription. This seemingly small difference between the two technologies is quite significant,
as Drop-seq is more easily primed to discern between stable (“old”) and nascent (“new”) RNA
molecules via this on-beads chemical conversion step and optimization surrounding it.

1.1.2.3 Single-cell versus single-nucleus methodologies
A major challenge when planning a single-cell transcriptomic experiment is choosing the
proper cellular isolation technique for the tissue/cell-type of interest. Tissue quality is a major
concern, as cell membranes are prone to damage in a tissue that has been previously frozen
(which is the state of a majority of human post-mortem samples) (McGann, Yang et al. 1988).
Additionally, with morphologically complex cells (like those present in the central nervous
system) isolation of intact cells is generally challenging. For instance, harsh chemical or
enzymatic dissociation techniques can cause ectopic gene expression or can lead to over- or
under-representation of certain cell types that may be more or less resistant to these treatments,
respectively (both causing technical skewing of the dataset) (Kulkarni, Anderson et al. 2019).
Some highly technical strategies have been developed to successfully isolate whole cells of
complex morphology, such as laser-capture microdissection, but these techniques are labor
intensive and low-throughput, so cannot be optimally paired with high-throughput microfluidic
strategies (Espina, Wulfkuhle et al. 2006).
A strategy that we and others have identified to circumvent these whole-cell dissociation
issues in complex tissues is the isolation of single nuclei, which are generally more resistant to
physical stress (e.g., freeze-thaw) as well as physical dissociation techniques. Single-nucleus
4

transcriptomics has become a powerful tool in discerning cell-type heterogeneity in an unbiased
fashion (Lake, Ai et al. 2016, Habib, Avraham-Davidi et al. 2017, Hu, Fabyanic et al. 2017,
Bakken, Hodge et al. 2018). Single nuclei can be isolated in high abundance, and isolation
strategies can be potentially standardized to accommodate the study and sample normalization of
a vast array of tissue types. Chapter 2 of this thesis discusses how single-nucleus transcriptomics
has distinct advantages compared to whole-cell analysis and how we validate these claims.

1.2

Technological advances in single-cell epigenomics

1.2.1

Mammalian DNA cytosine methylation
Broadly speaking, mammalian “epigenetics” encompasses multiple forms of gene

regulatory mechanisms, including DNA methylation, histone modifications, and non-coding
RNAs. The combinatorial effects of each of these epigenetic modifications across the mammalian
genome make cell-type-specific gene expression possible. Epigenetics is a complex and robust
symphony of functional modification states which encode cell-type-specific gene expression
programs. DNA cytosine methylation (5mC), which involves covalent addition of a methyl group
onto the 5th carbon position on cytosine bases, is one of the best characterized epigenetic
modifications. DNA methylation has canonically been associated with gene repression (BenHattar and Jiricny 1988, Watt and Molloy 1988, Iguchi-Ariga and Schaffner 1989), genomic
imprinting (Bartolomei, Webber et al. 1993, Ferguson-Smith, Sasaki et al. 1993, Li, Beard et al.
1993, Stöger, Kubicka et al. 1993), and X-chromosome inactivation (Mohandas, Sparkes et al.
1981, Lock, Takagi et al. 1987). Even still, new functional associations of this modification are
still being discovered, depending on genome position, sequence context, or and/or modification
state (Greenberg and Bourc’his 2019).
DNA methylation is a highly conserved epigenetic feature with a profound impact on
genome stability, gene expression, genomic imprinting, and development (Jaenisch and Bird
5

2003, Smith and Meissner 2013). DNA methylation in mammals occurs primarily in the
symmetrical CpG context. Upon replication, these symmetrical CpG methylation patterns are
maintained through the activity of DNA methylation maintenance machinery: DNMT1/UHRF1
(Riggs 1975, Bird 1978). In replicating somatic cells, unmodified cytosine on the nascent strand
is recognized and methylated, thus, making CpG methylation a heritable epigenetic feature across
cellular generations. DNA methylation in mammals can also occur de novo via the activity of
DNMT3A and DNMT3B (Okano, Xie et al. 1998, Okano, Bell et al. 1999). Non-canonical
cytosine methylation in the non-CpG context (CpH, H=A, T, C) is rare in most mammalian cell
types, but is enriched in post-mitotic neurons. CpH methylation (5mCH) in these cells is highly
patterned in a cell-type-specific fashion (Luo, Keown et al. 2017) and is speculated to add yet
another layer of cell-type-specific gene regulation.
Cytosine methylation is known to be a chemically stable and heritable modification
essential for many diverse biological processes, and until recently, we did not understand how
this modification can be modified or removed in mammals, which is essential for epigenetic
plasticity. First attempts to understand a DNA demethylation mechanism in mammals relied on
comparison with other model systems. At this time, plants were known to have a well-established
DNA demethylation mechanism that was associated with genome-wide epigenetic
reprogramming and developmental locus-specific gene activation (Hsieh, Ibarra et al. 2009).
Briefly, Demeter (DME)/repressor of silencing 1 (ROS1)-family of DNA glycosylases paired
with base-excision repair (BER) machinery is known to directly excise the entire 5mC base from
the plant genome, followed by repair of the abasic site through the addition of unmodified
cytosine (Gehring, Huh et al. 2006, Morales-Ruiz, Ortega-Galisteo et al. 2006). However, no such
orthologues for this direct excision pathway have been discovered in mammals.
Efforts to discover an active DNA demethylation pathway continued, and finally, in
2009, further demonstration that 5-hydroxymethylcytosine (5hmC) exists in the mammalian
6

genome provided a gateway for the study of a potential DNA demethylation mechanism
(Kriaucionis and Heintz 2009). 5hmC was found to exist as the product of oxidative conversion
of 5mC by the Ten-Eleven Translocation (TET) family of dioxygenases (Kriaucionis and Heintz
2009, Tahiliani, Koh et al. 2009). TET family enzymes were further discovered to have iterative
oxidation activity on 5hmC, iteratively producing 5-formylcytosine (5fC) and 5-carboxycytosine
(5caC). These three oxidized forms of 5-methylcytosine will herein be referred to as ox-mCs, and
the discovery of these modification states of cytosine laid the framework for a molecular
mechanism of active DNA demethylation in mammalian cells (He, Li et al. 2011, Ito, Shen et al.
2011, Pfaffeneder, Hackner et al. 2011). Not only did these modification states of cytosine
provide an active demethylation framework, thus pushing forward the study of dynamic
regulation of DNA methylation, but the discovery of these oxidized intermediates has initiated
endeavors to understand potential unique function and stability of the oxidized methylcytosines
(ox-mCs), themselves (Kitsera, Allgayer et al. 2017).

1.2.2

5hmC function and genome-wide 5hmC sequencing technologies
The most abundant ox-mC in mammalian cells is 5hmC. 5hmC is the first oxidized

product of TET-mediated oxidation of 5mC and, itself, is considered to be a stable and unique
epigenetic feature. The potential function of 5hmC in mature mammalian neurons is of particular
interest as it accumulates during peak synaptogenesis and critical periods of synaptic pruning in
maturing, early postnatal neurons and in adult neurons can comprise as much as 40% of modified
cytosine bases (Kriaucionis and Heintz 2009). Gene-body 5hmCG has been reproducibly
associated with active transcription of developmentally activated genes (Szulwach, Li et al. 2011,
Kubiura, Okano et al. 2012, Nestor, Ottaviano et al. 2012, Huang, Chavez et al. 2014), whereas
gene-body 5mCG in mature neurons (5hmCG-enriched cells) is associated with gene repression
(Lister, Mukamel et al. 2013). Due to the technical challenge of molecularly resolving 5hmC
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heterogeneity among functionally diverse neuronal subtypes in the brain, the potential function of
5hmC remains largely unknown. As the function of single neurons depends on their unique
context (e.g., position, circuitry, state), it is important to study underlying epigenetic regulatory
systems at the single-cell level in order to successfully probe the implications of this epigenetic
modification, in vivo. However, it remains technically challenging to profile 5hmC in single cells.
Historically, bisulfite sequencing (BS-seq) was used to identify the patterning and
abundance of DNA methylation at base-resolution. BS-seq cannot differentiate 5mC from 5hmC,
as both modified bases are resistant to sodium bisulfite-based deamination (Hayatsu, Wataya et
al. 1970). Both 5mC and 5hmC are read out as cytosine (C) after PCR amplification, whereas
unmodified C, 5fC and 5caC are deaminated and read out as thymine (T) in subsequent
sequencing. Thus, methylation signals in BS-seq represent the sum of 5mC and 5hmC.
Recognizing that bisulfite conversion cannot discern 5mC from 5hmC, prior studies
measuring DNA methylation dynamics and erasure with BS-seq, alone (especially during
widespread DNA demethylation in developing embryos or in 5hmC-enriched post-mitotic cells)
were not fully informative (Karemaker and Vermeulen 2018). To map 5hmC at base resolution,
several modified BS-seq methods have been developed (Booth, Branco et al. 2012, Yu, Hon et al.
2012). This first, termed oxidative bisulfite sequencing (oxBS-seq), uses potassium perruthenate
to specifically oxidize 5hmC to 5fC. Thus, 5hmC, which is converted to 5fC, is detected as T and
5mC remains intact and is read out as C. Whereas 5mC is mapped directly, the absolute level and
location of 5hmC are determined by subtracting signals of oxBS-seq (5mC) from those of BS-seq
(5mC and 5hmC). The second base-resolution 5hmC mapping method, called TET-assisted
bisulfite sequencing (TAB-seq), involves TET-mediated enzymatic conversion of non-5hmC
cytosine modifications (5mC/5fC) to 5caC. In TAB-seq, 5hmC is first protected from TET
oxidation via glucosylation by β-glucosyltransferase, and 5mC and 5fC are subsequently oxidized
to 5caC by recombinant TET1 protein at high concentration. Thus, C, 5mC, 5fC and 5caC are
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detected as T, and only 5hmC is read as C. Here, the advantage is that 5hmC is mapped directly,
and this decreases the sequencing effort needed for high-confidence mapping.
A major limitation of these technologies is that they require microgram levels of DNA as
input (1µg DNA = ~200,000 cells). This drastically limits the application of these strategies to
rare and heterogeneous cell populations. Thus, additional 5hmC-mapping technologies were
developed for various applications, all with unique advantages (Figure 1-1). Chemical
conversion, enzymatic deamination, enrichment, and restriction enzyme digestion were all
identified as viable strategies to map 5hmC across the genome. Some of these techniques lend
themselves to low-input/single-cell applications more readily than others. In Chapter 3 of this
thesis, I will discuss the rationale associated with designing a single-cell 5-hydroxymethylome
mapping strategy based on the precedent in the field.

1.2.3

Current advances and limitations of single-cell methylome mapping technologies
1.2.3.1 The evolution of single-cell DNA methylome mapping
Single-cell transcriptomic technologies are powerful approaches to reveal cellular

complexity across mammalian tissues. It is, thus, reasonable to speculate that transcriptional
heterogeneity encoding functional differences is informed by epigenetic regulatory mechanisms,
such as DNA methylation. DNA methylation is patterned in an extremely cell-type-specific
fashion and heavily associated with transcriptional outcomes (Luo, Keown et al. 2017).
Therefore, there has been an effort to develop techniques to map the DNA methylome in single
cells: scBS-Seq (Smallwood, Lee et al. 2014), snmC-seq (Luo, Keown et al. 2017), and sci-MET
(Mulqueen, Pokholok et al. 2018). From these studies, informative datasets were generated with
the intent to interrogate cell-type-specific DNA methylation profiles in the brain, with the
overarching goal to associate these high-resolution data with downstream functional outcomes.
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However, these technologies all rely on sodium bisulfite treatment, alone, to resolve
cytosine modification status. As previously discussed, bisulfite sequencing cannot resolve 5mC
from 5hmC, and since these technologies were primarily developed for application to
heterogeneous neural tissue (which is highly enriched in 5hmC, and is associated with distinct
expression outcomes in the brain as compared to 5mC (Lister, Mukamel et al. 2013)), there lies a
true deficit in our ability to utilize these datasets to their full capacity. Current state-of-the art
interpretation of these data is restricted to cytosine modification status in the CpH context,
discarding a vast majority of the dataset. 5mC is present at ~75% and 5hmC at ~25% in the CpG
context, whereas abundance of 5mC is only ~2.5% and 5hmC ~0.4% in the CpH context (values
determined by studies performed in this thesis).

1.2.3.2 Building upon single-cell methylome technologies to map ox-mCs
Recent innovation within the single-cell DNA methylome-mapping space has allowed for
potential development of technologies that build off these efforts and the precedent in the ox-mCmapping field to develop single-cell ox-mC-mapping techniques. As discussed in Section 1.2.3.1,
a major challenge in this field is to develop a quantitative single-cell 5hmC-mapping technology.
5hmC, as a stable and enriched epigenetic feature in neurons, has potential unique function
related to gene expression regulation. A quantitative single-cell 5hmC-mapping technology is
required to fully understand the impact and significance of the aforementioned single-cell DNA
methylome data, due to significant confounding overlap of modified cytosine signals in neuronal
epigenomes.
The strategy we used to address this issue involves utilizing a novel library preparation
strategy developed for snmC-seq/snmC-seq2 (that allows for multiplexing and genome-wide
amplification of single cell libraries; Fig. 3-2A) as well as a combination of bisulfite treatment
and a recently developed enzymatic deamination strategy to specifically isolate 5hmC in single
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cells (Luo, Keown et al. 2017). My approach builds upon the APOBEC-coupled epigenetic
sequencing (ACE-Seq) workflow (Schutsky, DeNizio et al. 2018), and exploits the reactivity of
5hmC with sodium bisulfite to form cytosine-5-methylenesulfonate (CMS) (Huang, Pastor et al.
2010). The major benefits of replacing the β-GT/glycosylation-based 5hmC protection step with
CMS-based 5hmC protection are the following: 1) faster and more complete conversion of 5hmC;
2) streamlining DNA isolation, fragmentation, denaturation and 5hmC protection into a singletube reaction; 3) generating more stable partially deaminated (unmodified C to uracil) ssDNA
substrates for downstream APOBEC3A mediated 5mC deamination reaction; 4) more accurate
5hmC quantification by resolving base ambiguity between 5hmC and 5fC/5caC (the latter two
ox-mCs will be deaminated by bisulfite conversion). Through building upon recent evolutions in
single-nucleus methylome profiling, we can pair this novel conversion framework with robust
single-cell epigenomic profiling platforms.

1.2.4

The benefits and challenges of cross-platform computational integration
To maximize the utility of single-cell methylome data, it is important to integrate these

epigenomic data with gene expression profiles in the same cell type, as well as their relationship
to other gene regulation-associated readouts (e.g., chromatin accessibility, histone modification
status, etc.). The ideal strategy with which to compare multiple regulatory states/functional
outcomes (mRNAs, proteins, chromatin accessibility, histone modification and DNA methylome)
in single cells would be through measuring these profiles simultaneously in the same single cell
(multiomic profiling). This enables direct comparison, but the limitation of this strategy is that the
collected data modalities within a single cell may not overlap due to technique-specific genomecoverage deficits, so multi-modal data integration across cells within a defined cell type is still
required. In addition, while some simultaneous genome, epigenome (DNA methylation,
chromatin accessibility), proteome, and transcriptome methodologies do exist, obtaining multiple
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types of material from the same single cell can be very technically challenging and fundamentally
limiting (Lee, Hyeon et al. 2020).
Another strategy is to perform various profiling assays in parallel and computationally
integrate them for comparison. The limitation of this strategy is that the molecular origin is not
from the same cell, the comparison is restricted to datasets which identify the same cell types, and
dropout events can limit the comparison at each level. In general, one dataset/modality involved
in the cross-comparison will be limiting, either by sequencing coverage discrepancies, study
size/cell number. The major benefit of this strategy is that growing, expansive datasets in the
public domain can be utilized and built upon as new methodologies are developed. In this thesis,
we will demonstrate the utility both strategies. We report that different modification states of
cytosine in mammalian DNA can be measured and compared within the same cell, and these
datasets can be successfully compared to external datasets for validation and additional
information (e.g., relationship between 5hmC and gene expression in specific neuronal subtypes).

1.3

Thesis objectives
The aim of this thesis is to illustrate the technological development process and unique

utility of single-cell transcriptomic and epigenomic technologies.
In Chapter 2, I describe a novel strategy in which we paired sucrose-gradient
ultracentrifugation with a new high-throughput single-cell transcriptomic technology (Drop-seq)
to expand the capability of this technique to be applied to otherwise incompatible samples (frozen
tissue, cells with complex morphology, and/or large, multinucleated cells). In developing this
strategy, we not only determined that nuclei are sufficient for successful application of this
single-cell transcriptomic platform, but that an advantage of nuclear input is the increase in
proportionality of nascent transcripts in the final dataset, compared to whole-cell application.
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Thus, this technique is naturally primed to probe dynamic and transient transcriptional changes in
an unbiased fashion. As a proof of concept, we applied our technology on mouse cortical nuclei
after undergoing pentylenetetrazol (PTZ)-induced seizure induction. In so doing, we
demonstrated the utility of this technique in discerning cell-type-specific response to an external
stimulus.
In Chapter 3, I discuss the development of the first quantitative single-cell 5hmC
mapping technology for the purpose of studying the relationship of this stable epigenetic feature
with gene expression. The framework with which we built upon for this technology stems from a
combinatorial approach involving bisulfite-sequencing, APOBEC-Coupled Epigenetic
Sequencing (ACE-seq), and single-nucleus 5-methylcytosine sequencing (snmC-seq). Through
careful establishment and optimization of this technology, we have successfully generated singlenucleus hydroxymethylome map. Furthermore, we demonstrate that DNA from a single cell can
be split in half to generate both methylome (5mC+5hmC) and hydroxymethylome (5hmC)
libraries for the purpose of discerning direct 5hmC measurements and subtraction-based true 5mC
measurements from an individual cell. We call this strategy Joint-hmC-seq, and it is a first-inclass approach where two cytosine modification states can be measured in the same cell. JointhmC-seq and snhmC-seq not only serve as standalone technologies, but they provide necessary
information to fully make use of current bisulfite-only-based single-cell methylome datasets, as
these data are confounded by abundant 5hmC contaminants in the CpG context.
Finally, in Chapter 4, I discuss ongoing work in our lab and the potential implications and
applications of our techniques moving forward.
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Figure 1-1. Summary of major single-nucleotide resolution 5hmC sequencing methods for bulk
sample analysis
A schematic comparison of sequencing technologies used to directly (TAB-seq, Aba-seq, ACE-seq, bisulfite ACE
(bACE)-seq, CAPS, and hmC-CATCH) or indirectly (oxBS-seq) profile 5hmC through various chemical (red) and/or
enzymatic (blue) treatments, followed by sequencing. Note that 5-formylcytosine (5fC) and 5-carboxylcytosine
(5caC) are of very low abundance in wild-type cells, so their contribution to 5hmC signals can be generally ignored
in ACE-seq and CAPS.
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CHAPTER 2: Dissecting Cell-Type Composition and Activity-Dependent Transcriptional
State in Mammalian Brains by Massively Parallel Single-Nucleus RNA-Seq

This chapter has been adapted from the following manuscript:
Hu, P.*, Fabyanic, E.*, Kwon, D.Y., Tang, S., Zhou, Z., Wu, H. (2017). Dissecting CellType Composition and Activity-Dependent Transcriptional State in Mammalian Brains
by Massively Parallel Single-Nucleus RNA-Seq. Molecular Cell 68:1006-1015.1

2.1

Abstract
Massively parallel single-cell RNA sequencing can precisely resolve cellular diversity in

a high-throughput manner at low cost, but unbiased isolation of intact single cells from complex
tissues, such as adult mammalian brains, is challenging. Here, we integrate sucrose-gradient
assisted nuclei purification with droplet microfluidics to develop a highly scalable single-nucleus
RNA-Seq approach (sNucDrop-Seq), which is free of enzymatic dissociation and nuclei sorting.
By profiling ~18,000 nuclei isolated from cortical tissues of adult mice, we demonstrate that
sNucDrop-Seq not only accurately reveals neuronal and non-neuronal subtype composition with
high sensitivity, but also enables in-depth analysis of transient transcriptional states driven by
neuronal activity, at single-cell resolution, in vivo.

1

* denotes co-first authorship. I, as one of two primary authors of this paper, performed the experiments included in
Fig. 1-3 in this section along with P.H.. H.W. and Z.Z. conceived the study. H.W., D.K., and S.T. performed additional
experiments included in Fig. 4. H.W. and P.H. carried out data analysis. H.W. wrote the manuscript with input from
other authors.
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2.2

Introduction
A fundamental challenge in deciphering cell-type composition and cells’ functional states in

complex mammalian tissues manifests in the extraordinary diversity of cell morphology, size and
local microenvironment. While current high-throughput single-cell RNA-Seq approaches have
proved to be powerful tools for interrogating cell types, dynamic states, and functional processes
in vivo (Tanay and Regev 2017), these methods require the preparation of intact, single-cell
suspensions from freshly isolated tissues, which is only practical for easily-dissociated embryonic
and young postnatal tissues. This requirement poses an even greater challenge for cells with
complex morphology, such as mature neurons. Enzymatic treatment not only favors recovery of
easily dissociated cell types, but also introduces aberrant transcriptional changes during the
whole-cell dissociation process (Lacar, Linker et al. 2016). In addition, skeletal and cardiac
muscle cells are frequently multinucleated and are large in size. For instance, each adult mouse
skeletal muscle cell contains hundreds of nuclei and is ~5,000 μm in length and 10-50 μm in
width (White, Bierinx et al. 2010). Thus, existing high-throughput single-cell capture and library
preparation methods, including isolation of cells by fluorescence activated cell sorting (FACS)
into multi-well plates, sub-nanoliter wells, or droplet microfluidic encapsulation, are not
optimized to accommodate these unusually large cells. Isolating individual nuclei for
transcriptome analysis is a promising strategy, as single-nucleus RNA-Seq methods avoid strong
biases against cells of complex morphology and large size (Habib, Li et al. 2016, Lacar, Linker et
al. 2016, Lake, Ai et al. 2016, Zeng, Jiang et al. 2016) and can be potentially standardized to
accommodate the study of various tissues. However, current single-nucleus RNA-Seq methods
primarily rely on fluorescence-activated nuclei sorting (FANS) (Habib, Li et al. 2016, Lake, Ai et
al. 2016) or Fluidigm C1 microfluidics platform (Zeng, Jiang et al. 2016) to capture nuclei, and
thus cannot easily be scaled up to generate a comprehensive atlas of cell types in a given tissue,
much less a whole organism.
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An ideal solution to increase the throughput of single-nucleus RNA-Seq is to integrate
nucleus purification with massively parallel single-cell RNA-Seq methods such as Drop-Seq
(Macosko, Basu et al. 2015), InDrop (Klein, Mazutis et al. 2015), or equivalent commercial
platforms (e.g. 10x Genomics (Zheng, Terry et al. 2017)). However, single-nucleus RNA-Seq is
currently not supported on these droplet microfluidics platforms. Inhibitory effects due to
inefficient lysis of nuclear membranes and/or cellular debris contamination might contribute to
this failure. Historically, nuclei of high purity can be isolated from solid tissues or from cell lines
with fragile nuclei by centrifugation through a dense sucrose cushion to protect nucleus integrity
and strip away cytoplasmic contaminants. The sucrose gradient ultracentrifugation approach has
been adapted to isolate neuronal nuclei for profiling histone modifications, nuclear RNA, and
DNA methylation at genome-scale (Lister, Mukamel et al. 2013, Mo, Mukamel et al. 2015,
Johnson, Zhao et al. 2017). Here, we develop “sucrose gradient-assisted single-nucleus DropSeq” (sNucDrop-Seq), a method that enables highly scalable profiling of nuclear transcriptomes
at single cell resolution by integrating sucrose gradient ultracentrifugation-based nucleus
purification with droplet microfluidics.

2.3

Materials and Methods

2.3.1

Isolation and purification of nuclei
Mouse brains (postnatal 6-10 weeks) were rapidly resected on ice. Cortices were freshly

processed or flash frozen in liquid nitrogen for 2 minutes and subsequently kept at -80°C before
nuclear isolation. Nuclei were isolated and purified as previously described with some
modifications (Johnson, Zhao et al. 2017). Briefly, 14 mL of sucrose cushion (1.8 M sucrose
(Sigma-Aldrich, RNase & DNase free, ultra-pure grade), 10 mM Tris-HCl pH 8.0 (Invitrogen), 3
mM MgAc2 (Sigma-Aldrich), protease inhibitor cocktail (Sigma-Aldrich)) was added to the
bottom of centrifuge tubes (Beckman Coulter). Using a glass homogenizer (Wheaton), a freshly
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isolated or frozen mouse cortex sample was subjected to dounce homogenization (21 times with
loose pestle followed by 7 times with tight pestle) in 12 mL of homogenization buffer (0.32M
sucrose, 5 mM CaCl2 (Sigma-Aldrich), 3mM MgAc2, 10 mM Tris-HCl pH 8.0, 0.1% Triton X100 (Sigma-Aldrich), 0.1 mM EDTA (Invitrogen), protease inhibitor cocktail). For in vitro
cultured cells, cell pellets (~5 million cells) were resuspended in homogenization buffer and
dounced 20 times with a loose pestle. Homogenates (~12 mL) were layered onto the sucrose
cushion in the centrifuge tubes, and 10 mL of homogenization buffer was added atop of the
homogenates. The tubes were then centrifuged in a Beckman Coulter L7-65 Ultracentrifuge at
25,000 rpm at 4°C for 2 hours using a Beckman Coulter SW28 swinging bucket rotor (Beckman
Coulter). The supernatant was carefully removed via aspiration. 1 mL of chilled DPBS with
protease and RNase inhibitor (Lucigen) was added to resuspend the nuclear pellet, and nuclei
were subsequently transferred to a 1.5-mL tube. Nuclei were pelleted at 5,000 rpm for 10 min at
4°C, and then resuspended in 0.01% BSA (Sigma-Aldrich) in DPBS. After resuspension, nuclei
were filtered through a 40-μm cell strainer (Fisher Scientific), visually inspected for morphology
and quality assurance, and counted using a Fuchs-Rosenthal counting chamber before droplet
microfluidic encapsulation. For mouse cortices, we obtain 3.45 ± 2.00 x106 nuclei, per round of
isolation (based on 11 measurements). The nuclear isolation efficiency for in vitro cultured cells
is ~84% (number of nuclei/number of input cells x 100).

2.3.2

Single-nucleus RNA-Seq library preparation and sequencing
The nuclear suspension was diluted to a concentration of 100 nuclei/μL in DPBS

containing 0.01% BSA. Approximately 1.25 mL of this single-nucleus suspension was loaded for
each sNucDrop-Seq run. The single-nucleus suspension was then co-encapsulated with barcoded
beads (ChemGenes) using an Aquapel-coated PDMS microfluidic device (uFluidix) connected to
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syringe pumps (KD Scientific) via polyethylene tubing with an inner diameter of 0.38 mm
(Scientific Commodities). Barcoded beads were resuspended in lysis buffer (200 mM Tris-HCl
pH8.0, 20 mM EDTA, 6% Ficoll PM-400 (GE Healthcare/Fisher Scientific), 0.2% Sarkosyl
(Sigma-Aldrich), and 50 mM DTT (Fermentas; freshly made on the day of run) at a concentration
of 120 beads/μL. The flow rates for cells and beads were set to 4,000 μL/hour, while QX200
droplet generation oil (Bio-rad) was run at 15,000 μL/hour. A typical run lasts ~20 min. Droplet
breakage with Perfluoro-1-octanol (Sigma-Aldrich), reverse transcription and exonuclease I
treatment were performed, as previously described, with minor modifications (Macosko, Basu et
al. 2015). Specifically, up to 120,000 beads, 200 μL of reverse transcription (RT) mix (1x
Maxima RT buffer (ThermoFisher), 4% Ficoll PM-400, 1 mM dNTPs (Clontech), 1 U/μL RNase
inhibitor, 2.5 μM Template Switch Oligo (TSO:
AAGCAGTGGTATCAACGCAGAGTGAATrGrGrG ) (Macosko, Basu et al. 2015), and 10 U/
μL Maxima H Minus Reverse Transcriptase (ThermoFisher)) were added. The RT reaction was
incubated at room temperature for 30 minutes, followed by incubation at 42°C for 150 minutes.
To determine an optimal number of PCR cycles for amplification of cDNA, an aliquot of 6,000
beads (corresponding to ~100 nuclei) was amplified by PCR in a volume of 50 μL (25 μL of 2x
KAPA HiFi hotstart readymix (KAPA biosystems), 0.4 μL of 100 μM TSO-PCR primer
(AAGCAGTGGTATCAACGCAGAGT (Macosko, Basu et al. 2015), 24.6 μL of nuclease-free
water) with the following thermal cycling parameter (95°C for 3 min; 4 cycles of 98°C for 20 sec,
65°C for 45 sec, 72°C for 3 min; 9 cycles of 98°C for 20 sec, 67°C for 45 sec, 72°C for 3 min;
72°C for 5 min, hold at 4°C). After two rounds of purification with 0.6x SPRISelect beads
(Beckman Coulter), amplified cDNA was eluted with 10 μL of water. 10% of amplified cDNA
was used to perform real-time PCR analysis (1 μL of purified cDNA, 0.2 μL of 25 μM TSO-PCR
primer, 5 μL of 2x KAPA FAST qPCR readymix, and 3.8 μL of water) to determine the
additional number of PCR cycles needed for optimal cDNA amplification (Applied Biosystems
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QuantStudio 7 Flex). We then prepared PCR reactions per total number of barcoded beads
collected for each sNucDrop-Seq run, adding 6,000 beads per PCR tube, and ran the
aforementioned program to enrich the cDNA for 4 + 10 to 12 cycles. We then tagmented cDNA
using the Nextera XT DNA sample preparation kit (Illumina, cat# FC-131-1096), starting with
600 pg of cDNA pooled in equal amounts, from all PCR reactions for a given run. Following
cDNA tagmentation, we further amplified the library with 12 enrichment cycles using the
Illumina Nextera XT i7 primers along with the P5-TSO hybrid primer
(AATGATACGGCGACCACCGAGATCTACACGCC
TGTCCGCGGAAGCAGTGGTATCAACGCAGAGT*A*C) (Macosko, Basu et al. 2015). After
quality control analysis using a Bioanalyzer (Agilent), libraries were sequenced on an Illumina
NextSeq 500 instrument using the 75-cycle High Output v2 Kit (Illumina). We loaded the library
at 1.9 pM and provided Custom Read1 Primer
(GCCTGTCCGCGGAAGCAGTGGTATCAACGCAGAGTAC) at 0.3 μM in position 7 of the
reagent cartridge. The sequencing configuration was 20 bp (Read1), 8 bp (Index1), and 50 or 60
bp (Read2). In total, 17 mouse cortex samples were analyzed with sNucDrop-Seq in four
sequencing runs.

2.3.3

Single-cell RNA-Seq library preparation and sequencing
Drop-Seq was performed as previously described, with default settings (Macosko, Basu

et al. 2015). The cell suspension was diluted to 100 cells/μL with DPBS containing 0.01% BSA
and 1 mL cell suspension was loaded for each Drop-seq run. After cell capture, reverse
transcription, exonuclease treatment, cDNA amplification and tagmentation, libraries were
diluted to 1.9 pmol, and equal amounts of distinctively indexed libraries were mixed and
subjected to paired-end sequencing on Illumina NextSeq 500 sequencer (read1: 20bp; read2:
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60bp). 10x Genomics single-cell 3’ libraries were constructed, as previously described (Zheng,
Terry et al. 2017), with recommended settings using Chromium single cell 3’ v2 reagent kits by
the Center for Applied Genomics of The Children’s Hospital of Philadelphia (CHOP). It is worth
noting that the 10x Genomics single-cell 3’ solution workflow supports cDNA amplification only
from whole cells, possibly due to inefficient lysis of nuclei purified via sucrose gradient
ultracentrifugation. 10x genomics recently released a specific nucleus isolation and purification
protocol (https://support.10xgenomics.com/single-cell-gene-expression/index/doc/) that may
support single-nucleus RNA-Seq analysis on the 10x genomics platform.

2.3.4

Microfluidics device for sNucDrop-Seq

To examine that the channel depth of the microfluidics device (custom-made by µFluidix)
used for sNucDrop-Seq, droplet volume was measured using 10µm carboxylated polystyrene
fluorescent beads (Bangs Labs), as previously described (described by Macosko et al., 2015). The
beads were first suspended at a concentration of 1,000 beads/μL in lysis buffer (200 mM TrisHCl pH8.0, 20 mM EDTA, 6% Ficoll PM-400, 0.2% Sarkosyl, and 50 mM DTT). Drop-Seq was
performed as previously described, with default settings (Macosko et al., 2015), except the
syringe pump intended for cells was loaded with DPBS. The total number of beads encapsulated
in several hundred droplets was determined, and droplet volume was calculated, as follows:
Total number of beads,inside droplets,counted
) /500
Total number of droplets counted

Droplet volume = (

From this result, we determined the radius of the device, using:

r3 =

𝑉
4
𝜋
3
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beads per microliter

We calculated a droplet volume of 1.2nL, and from this, obtained a radius of 65µm. This
confirms that the channel depth of microfluidics devices used for sNucDrop-Seq experiments is
approximately ~130µm.
It is worth noting that while both sNucDrop-Seq (this study) and DroNc-Seq (Habib,
Avraham-Davidi et al. 2017) have adapted the Drop-Seq pipeline for single-nucleus RNA-Seq
analysis of mammalian brains, there are several technical differences between the two. First,
different nuclei purification methods were employed (sNucDrop-Seq: sucrose-gradient
ultracentrifugation; DroNc-Seq: a commercially available kit from Sigma). Second, while
sNucDrop-Seq utilizes standard Drop-Seq microfluidics devices (channel depth: 125 um),
DroNc-Seq requires a custom-made, modified device (channel depth: 75 um). Because of the
reduced channel depth, the DroNc-Seq specific device is more likely to clog and requires prefiltering of barcoded beads to enrich beads of smaller sizes (causing 50% loss of this expensive
reagent). Third, re-analysis of raw DroNc-Seq data using our own pipeline (utilizing both exonic
and intronic reads) suggests that sNucDrop-Seq requires less reads per nucleus (~50% reads) to
achieve similar cell-type specific gene expression signatures and clustering assignment as
compared to DroNc-Seq (the performance is benchmarked by pairwise comparison between
single-nucleus analysis and the deeply sequenced single-cell analysis study (Tasic, Menon et al.
2016). Thus, while sNucDrop-Seq requires special instrument such as ultracentrifuge, sNucDropSeq is more cost-effective than DroNc-Seq.

2.3.5

Preprocessing of sNucDrop-Seq data
Paired-end sequencing reads of Single-nucleus RNA-seq were processed using publicly

available the Drop-Seq Tools v1.12 software (Macosko, Basu et al. 2015) with some
modifications. Briefly, each mRNA read (read2) was tagged with the cell barcode (bases 1 to 12
of read 1) and unique molecular identifier (UMI, bases 13 to 20 of read 1), trimmed of
22

sequencing adaptors and poly-A sequences, and aligned using STAR v 2.5.2a to the mouse
(mm10, Gencode release vM13) or a concatenation of the mouse and human (for the speciesmixing experiment) reference genome assembly. Because a substantial proportion (~50%) of
reads derived from nuclear transcriptomes of mouse cortices were mapped to the intronic regions,
the intronic reads were retained for downstream analysis. A custom Perl script was implemented
in the Drop-Seq Tools pipeline to retrieve both exonic and intronic reads mapped to predicted
strands of annotated genes. Uniquely mapped reads were grouped by cell barcodes. Cell barcodes
were corrected for possible bead synthesis errors, using the DetectBeadSynthesisErrors program
from the Drop-Seq Tools v1.12 software. To generate digital expression matrix, a list of UMIs in
each gene (as rows), within each cell (as columns), was assembled, and UMIs within ED = 1
were merged together. The total number of unique UMI sequences was counted, and this number
was reported as the number of transcripts of that gene for a given cell.

2.3.6

Clustering and marker gene identification
Raw digital expression matrices were combined and loaded into the R package Seurat. For

normalization, UMI counts for all nuclei were scaled by library size (total UMI counts),
multiplied by 10,000 and transformed to log space. Only genes found to be expressing in >10
cells were retained. Nuclei with a relatively high percentage of UMIs mapped to mitochondrial
genes (>=0.1) were discarded. Moreover, nuclei with fewer than 800 or more than 6,000 detected
genes were omitted, resulting in 20,858 nuclei that pass filter.
Before clustering, batch effects from multiple animals were regressed out using the function
RegressOut in R package Seurat (Macosko, Basu et al. 2015). The highly variable genes were
identified using the function MeanVarPlot with the parameters: x.low.cutoff = 0.0125,
x.high.cutoff = 3 and y.cutoff = 0.8, resulting in an output of 1,932 highly variable genes. The
23

expression level of highly variable genes in the nuclei was scaled and centered along each gene,
and was conducted to principal component analysis. We then used two methods to assess the
number of PCs to be utilized in downstream analysis: 1) The cumulative standard deviations of
each PC were plotted using the function PCElbowPlot in Seurat to identify the ‘knee’ point at a
PC number after which successive PCs explain diminishing degrees of variance, and 2) the
significance for each gene’s association with each PC was accessed by the function JackStraw in
Seurat. Based on these two methods, we selected first 30 PCs for two-dimensional t-distributed
stochastic neighbor embedding (tSNE), implemented by the Seurat software with the default
parameters. Based on the tSNE map, twenty-one clusters were identified using the function
FindCluster in Seurat with the resolution parameter set to 2. Clusters that co-express both nonneuronal and neuronal markers, representing cell doublets, were removed. Based on expression of
well-established marker genes, we assigned 19,241 nuclei to cerebral cortex (93.1% of our data)
and 1,415 nuclei to non-cortical neurons (6.9%). To perform clustering analysis on 19,241
cortical cells, we identified 1,968 highly variable genes and selected first 40 PCs. The nuclei were
classified into 44 clusters with the resolution parameter set to 4. To identify clusters with highly
similar identity, we performed pairwise comparison to identify differentially expressed genes
using the function FinderMarkers in Seurat, with likelihood-ratio test. We merged the clusters
exhibiting less than 10 genes with an average expression difference greater than 2-fold between
clusters. Based on two-dimensional coordinates of nuclei in the tSNE plot, a density-based
clustering method implemented in the DBSCAN R package was used to identify outliers, filtering
out 882 nuclei (4.5% of 19,241 nuclei) with the reachability distance parameter (eps) setting to
0.9 and minimal number of nuclei within that eps radius setting to 10. Finally, we excluded
clusters containing expression markers for more than one canonical cell type. As a result of these
steps, we were able to assign 18,194 (94.6% of cortical nuclei) nuclei into 40 clusters.
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To identify the marker genes, differential expression analysis was performed by the function
FindAllMarkers in Seurat with likelihood-ratio test. Differentially expressed genes that were
expressed at least in 10% cells within the cluster and with a fold change more than 0.5 (log scale)
were considered to be marker genes. In total, 2,001 protein-coding genes and 90 long non-coding
RNAs were identified for 40 clusters. For the marker genes, average gene expression for each
cluster was determined, and Euclidean distances between all pairs was calculated. This dataset
was used as input for complete linkage hierarchical clustering and dendrogram assembly. To
generate a heatmap of marker genes across clusters, the average expression level of marker genes
within each cluster were calculated. For each cluster, the average expression was centered and
scaled by each gene. Next, the hclust function in the R was used to generate the cluster
dendrogram with the “ward.D” method.
2.3.7

Sub-clustering of cortical and non-cortical inhibitory neurons
Cortical inhibitory neuronal nuclei from cluster Inh 1-7 were first combined with non-

cortical nuclei. We then identified 2,139 highly variable genes in a total of 3,425 nuclei and
performed PCA analysis. The significance of PCs was examined by the Jackstraw function in
Seurat. First 23 significant PCs with P-value < 1e-8 were selected for clustering analysis and 19
sub-clusters were identified with the resolution setting to 2. After merging clusters,
identifying/removing outliers (DBSCAN), and filtering cell doublets, we identified 9 cortical
inhibitory neuronal sub-groups (1,810 nuclei), and 8 sub-clusters for non-cortical nuclei (1,462
nuclei).
2.3.8

Identification of differentially expressed genes
Differential gene expression analysis between PTZ treatment and saline groups or

between active and inactive neurons was performed using the function FindMarkers in Seurat,
using a likelihood ratio test. For the PTZ and saline comparison, genes with a fold-change of
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more than 0.25 (log scale) and a P-value less than 0.01 were considered to be differentially
expressed, while genes showing 0.25-fold change (log-scale) with P-value < 1e-3 were defined as
differentially expressed between active and inactive neurons. For the PTZ and saline comparison
within each cluster, only the clusters containing at least 20 nuclei of both two conditions, PTZ
and saline, were tested.
2.3.9

Gene Set Enrichment Analysis (GSEA) of neuronal activity-regulated genes
The list of 172 ARGs was previously defined (Tyssowski et al., 2017). These ARGs were

classified into 3 groups: rapid primary response genes (rapid PRG), delayed primary response
genes (delayed PRG) and secondary response genes (SRG) based on the expression pattern across
the time points in response to the KCl stimulation of cultured primary neurons (Tyssowski et al.,
2017). For each cluster, only genes that were expressed in at least of 10% nuclei were considered
and the expression matrix of those genes in each clusters was loaded into the GSEA analysis
(www.broadinstitue.org/gsea/index.jsp) (Subramanian et al., 2005). Clusters with an FDR < 0.25
were considered significant.

2.3.10 Alternative splicing analysis
To identify the cell-type specific alternative splicing events, we classify the 40 clusters
into 8 cell types: excitatory neuronal layer 2/3 (Cluster Ex5, Ex6, Ex24, Ex25, Ex26, and Ex27),
excitatory neuronal layer 4 (cluster Ex21, Ex22, and Ex23), excitatory neuronal layer 5/6 (Cluster
Ex1, Ex2, Ex3, Ex4, Ex7, Ex8, Ex9, Ex10, Ex12, Ex19 and Ex20), excitatory neuronal layer 6
(Cluster Ex11, Ex13, Ex14, Ex15, Ex16, Ex17 and Ex18), inhibitory neuronal Sst+ (Cluster Inh1
and Inh2), inhibitory neuronal Pvalb+ (Cluster Inh3 and Inh4), other inhibitory neurons (Cluster
Inh5, Inh6 and Inh7), and non-neuronal cell types (Cluster EC, MG, Astro, OPC, Oligo1 and
Oligo2). The bam files of the nuclei from the same cell type were merged and sorted by
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Samtools. Pairwise comparison of differential splicing events between cell types was performed
using MISO (Katz et al., 2010). Splicing events with a bayes factor (>10), ∆PSI > 0.2; at least 1
read supports the inclusion or exclusion isoform, and at least 10 reads supports either of these
events.

2.3.11 Comparison of sNucDrop-Seq data to other single-cell/nucleus RNA-Seq data sets
To assess the validity of sNucDrop-seq results, we compare our data with recently published
single-nucleus RNA-Seq data from mouse prefrontal cortex (Habib, Avraham-Davidi et al. 2017)
or single-cell RNA-Seq data derived from select mouse visual cortex(Tasic, Menon et al. 2016).
To compare cell-type specific expression signatures defined by sNucDrop-Seq and those of other
data sets, we computed the pairwise Pearson correlation coefficients between each pair of cell
types in other data sets and our sNucDrop-Seq data set for a common set of genes. To generate a
common marker gene list for the pairwise comparison, we identified 1,986 (95.0%) and 1,919
(91.8%) common marker genes for the DroNuc-Seq data set (Figure 2-1G) and the single-cell
data set (Figure S2-3C), respectively. Average natural log transformed scaled UMI counts or
TPM counts were used to generate the DroNc-Seq (Habib, Avraham-Davidi et al. 2017) and
single-cell RNA-Seq (Tasic, Menon et al. 2016) gene expression matrix, respectively. R function
cor.test was used to calculate the pairwise Pearson correlation coefficients.
To further examine whether GABAergic neuronal subclusters identified in this study agree
with a previous single-cell RNA-Seq study of well-characterized transgenic mouse lines (Tasic,
Menon et al. 2016), we adopted a random forest classifier-based method (Shekhar, Lapan et al.
2016) (Figure 2-2E). First, we used five major GABAergic neuron sub-types defined by
sNucDrop-Seq to train a random forest classifier on our sNucDrop-seq dataset. We first sampled
60% of nuclei from each cell type to build the training set of 1,204 nuclei, and the remaining 40%
27

nuclei (770) were used as test set for evaluating the performance of the trained classifier. We then
identified the 1,182 most highly variable genes using the Seurat function MeanVarPlot in with
the following parameters: x.low.cutoff = 0.0125, x.high.cutoff = 4 and y.cutoff = 0.8. The digital
expression matrix comprising 1,182 genes across 1,204 nuclei was used to build the classifier.
We trained a random forest classifier using the R package randomForest with the ntree parameter
set to 1,000. By applying this classifier to assign the nuclei in the test set, 96.9% of the nuclei
were correctly mapped to their classes. Then the classifier was used to map the cells in single cell
dataset from transgenic Cre lines (Tasic, Menon et al. 2016).
By utilizing a recently published computational strategy for integrated analysis of multiple
data sets (implemented in Seurat v2.0), we further performed comparative analysis of the DroNcSeq data set (Habib, Avraham-Davidi et al. 2017) and this study (Figures S2-3E-G). First, we
downloaded the raw DroNc-seq data (mouse prefrontal cortex) and generated the digital
expression matrix using our pipeline that utilizes both exonic and intronic reads. After filtering
low quality nuclei, 5,441 nuclei from DroNc-seq and all 18,194 nuclei from our dataset with >
800 genes expressed were imported into the Seurat. Then, the union of the top 1,000 genes with
the highest dispersion from both datasets was subject to a canonical correlation analysis (CCA) to
identify common sources of variation between the two datasets. The first 15 dimensions of the
CCA was chosen to align the two datasets. Nuclei whose expression level cannot be explained by
those 15 CCA were removed. The remaining nuclei, that passed filter, were subject to clustering
with the resolution parameter set to 1.2. We assigned 23,213 (98.2% of input data) comprised
5,337 DroNuc-seq nuclei and 17,876 scNucDrop-seq nuclei into 18 clusters.

2.3.12 Identification of nuclei expressing ARGs
To evaluate the fraction and heterogeneity of ARG-expressing nuclei in cortical excitatory
neurons (Figure 2-3D), we examined the pattern of 4 selected ARGs (rapid PRGs: Fos and Egr1;
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delayed PRGs: Nr4a3 and Pcsk1). Based on the distribution of gene expression levels between
active (Ex24) and inactive (Ex25) neurons, we post-hoc determined the baseline expression level
of these ARGs. The nuclei whose expression level was higher than the baseline of ARG
expression level was classified as ARG-expressing nuclei. We then examined whether the
proportions of ARG-expressing nuclei were higher in the active neurons compared to the inactive
neurons using Fisher’s exact test (Table S2-1).
To compare the proportion of IEG-expressing nuclei across all the cell types (Figure S2-4A),
mean and standard deviation (SD) of selected ARGs were computed. Nuclei whose expression
level of ARGs was higher than mean+2SD is defined as ARG-expressing nuclei. Then the
percentage of ARG-expressing nuclei was reported for each cluster defined in Figure 2-1C.

2.4

Results

2.4.1

Validation of sNucDrop-Seq in cultured cells

To test whether this nucleus purification method supports single-nucleus RNA-Seq analysis,
we isolated nuclei from cultured cells, as well as freshly isolated or frozen adult mouse brain
tissues through dounce homogenization followed by sucrose gradient ultracentrifugation
(Johnson, Zhao et al. 2017) (Figure 2-1A and Figure S2-1A). After quality assessment and nuclei
counting, we performed emulsion droplet barcoding of the nuclei and library preparation, using
both Drop-Seq and 10x Genomics platforms. Drop-Seq platform yielded high quality cDNA and
sequencing libraries from both whole cells and nuclei purified with sucrose gradient (freshly
isolated or frozen samples) (Figure S2-1B). These results suggest that compatibility between the
nucleus isolation/purification method and lysis buffer used in specific platform is critical for
efficient library preparation in single-nucleus RNA-Seq.
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We next validated the specificity of sNucDrop-Seq with species-mixing experiments, using
nuclei isolated from in vitro cultured mouse and human cells. This analysis indicates that the rate
of co-encapsulation of multiple nuclei per droplet (~2.6%) is comparable to standard Drop-Seq
(Figure S2-1C). To assess the sensitivity of sNucDrop-Seq, we performed shallow sequencing of
cultured mouse 3T3 cells at either single-cell (with Drop-Seq: detecting on average 3,325 genes
with ~25,000 reads per cell for 1,160 cells with >800 genes detected) or single-nucleus (with
sNucDrop-Seq: detecting on average 2,665 genes with ~23,000 reads per nucleus for 1,984 nuclei
with >800 genes detected) resolution (Figure S2-1D). With standard Drop-Seq microfluidics
devices and flow parameters, the capture rate of sNucDrop-Seq (1.9%, 1,829 / 95,000 barcoded
beads) is comparable to that of Drop-Seq (1.5%, 1,160 / 77,000 barcoded beads). Comparative
analysis of Drop-Seq and sNucDrop-Seq reveals that mitochondria-derived RNAs (e.g., mt-Nd1,
mt-Nd2) and nucleus-enriched long-noncoding RNAs (e.g., Malat1) were enriched in cytoplasmic
and nuclear compartments, respectively (Figure 2-1B). Thus, integrating sucrose gradient
centrifugation-based nuclear purification with the current Drop-Seq microfluidic platform and
workflow may support massively parallel single-nucleus RNA-Seq.

2.4.2

Application of sNucDrop-Seq to adult mouse cortex

To demonstrate the utility of sNucDrop-Seq in studying complex adult tissues, we analyzed
nuclei isolated from adult mouse cerebral cortex (Table S2-1). The average expression profiles of
single nuclei from two biologically independent replicates were well correlated (r=0.993; Figure
S2-1E-F). Out of reads uniquely mapped to the genome (78% of all reads), 76% of reads were
aligned to the expected strand of genic regions (25% exonic and 51% intronic), and the remaining
24% to intergenic regions or to the opposite strand of annotated genic regions. The relatively high
proportion of intronic reads is similar to a previous single-nucleus RNA-Seq study of human
cortex (49%) (Lake, Ai et al. 2016), reflecting the enrichment of nascent, pre-processed
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transcripts in the nucleus. Because most exonic (91%) and intronic (86%) reads were mapped to
the expected strand of annotated transcripts, we retained both exonic and intronic reads for
downstream analyses. After initial quality filtering (at least 800 genes detected per nucleus), we
retained 20,858 nuclei (15,471 uniquely mapped reads per nucleus) from 17 animals, detecting,
on average, 3,464 transcripts (unique molecular identifiers [UMIs]), and 1,662 genes per nucleus.
After correcting for batch effects, we identified highly variable genes, and determined significant
principal components (PC) with these variable genes. We then performed graph-based clustering
and visualized distinct groups of cells using non-linear dimensionality reduction with spectral tdistributed stochastic neighbor embedding (tSNE). After removing non-cortical cells (~7%,
mostly striatal inhibitory neurons) and data points contributing toward potential noise (see
Methods), our analysis segregated 18,194 nuclei of cortical cells into 40 distinct clusters (Figure
2-1C). Each cluster contains nuclei from multiple animals, indicating the transcriptional identities
of these cell-type-specific clusters are reproducible across biological replicates (Figure S2-2A).
On the basis of known markers for major neuronal and non-neuronal cell types, we identified
27 excitatory neuronal clusters (Ex 1-27: Slc17a7+), 7 inhibitory neuronal clusters (Inh 1-7:
Gad2+), and six non-neuronal clusters (astrocytes [Astro: Gja1+], oligodendrocyte precursor cells
[OPC: Pdgfra+], oligodendrocytes [Oligo1: Mog+; Oligo2: Enpp6+], microglia [MG: Ctss+], and
endothelial cells [EC: Flt1+]) (Figure 2-1C-E and S2B). Consistent with previous studies
(Madisen, Garner et al. 2015, Zeisel, Munoz-Manchado et al. 2015, Lake, Ai et al. 2016), known
layer-specific marker genes (Layer (L) 2/3: Enpp2; L4: Rorb; L6a: Foxp2; L6b, Ctgf) can be
readily detected in specific excitatory neuronal clusters (Figure 2-1D), revealing the anatomic
locations of these glutamatergic excitatory neuronal subtypes. We also uncovered all major
subclasses of GABAergic inhibitory neurons named for the neurochemical markers they express:
somatostatin-expressing (Sst+: cluster Inh1-2) cells, parvalbumin-expressing (Pvalb+: cluster
Inh3-4) cells, vasoactive intestinal peptide-expressing (Vip+: cluster Inh6) cells, and cells that
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express 5-hydroxytryptamine receptor 3A (Htr3a) but lack Vip expression
(Tnfaip8l3+/Sema3c+/Vip-: cluster Inh5 and Inh7) (Figure 2-1C-D and S2-2B). Our unbiased
sampling strategy also captured enough cells to resolve heterogeneity among non-neuronal cell
types present in relatively low abundance in the adult cortex (Figure 2-1E and S2-2B), including
two recently identified oligodendrocyte subtypes (Oligo1: Mog+/Enpp6-; Oligo2: Mog-/Enpp6+)
(Tasic, Menon et al. 2016) (Figure S2-3C). Finally, the cell types and their signatures from
sNucDrop-Seq were comparable to those obtained with DroNc-Seq (a recently published
approach similar to sNucDrop-Seq) of mouse prefrontal cortex (Habib, Avraham-Davidi et al.
2017) (Figure 2-1G).
In addition to subtype-specific protein-coding marker genes (Figure 2-1F), we have identified
a list of long non-coding RNAs that are specifically expressed in distinct cell clusters (Figure 21F and S2-2B). For instance, 1700016P03Rik is specifically detected in cluster Ex17 and Ex24,
and this acts, mainly, as a primary, non-coding transcript encoding two microRNAs (Mir212 and
Mir132), which are regulated by neuronal activity (Nudelman, DiRocco et al. 2010, Aten, Hansen
et al. 2016), raising the possibility that Ex17 and 24 clusters are specifically associated with
neuronal activity-induced transcriptional states (see below). Cell-type-specific non-coding RNA
marker genes have also been identified for inhibitory neuronal subtypes (e.g., Dlx1as for Inh7)
and non-neuronal cells (e.g., 4933406I18Rik for MG). The identification of both protein-coding
and non-coding transcripts as cell-type-specific markers highlights the potential of sNucDrop-Seq
in exploring the emerging role of non-coding RNAs at single-cell resolution, in vivo.
Aggregation of our single-nucleus RNA-Seq data into subtype-specific transcriptome profiles
also enabled examination of differential mRNA processing in a cell-type-specific manner. Using
a probabilistic model that quantitates the expression level of alternatively spliced genes (MISO),
we identified 263 differential exon processing events through pairwise comparison of cell-typespecific transcriptome profiles. In agreement with a previous single-cell RNA-Seq study (Tasic,
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Menon et al. 2016), Syntaxin binding protein 1 (Stxbp1) mRNA exhibited differential processing
of a specific exon amongst excitatory and inhibitory neurons (Figure S2-2C). In particular,
additional heterogeneity in the usage of this exon was detected among major inhibitory neuronal
subtypes (Sst+ versus Pvalb+ in Figure S2-2C). Our cell-type-specific analysis also revealed
differentially processed exon usage between abundant cortical cell-types such as excitatory
neurons and relatively rare non-neuronal cells. For example, Microtubule-actin crosslinking
factor1 (Macf1) exhibited alternative splicing for specific exons between excitatory neurons and
non-neuronal cells (Figure S2-2C). Many of these differences in mRNA processing would not be
identified through bulk analysis of a mixture of cells. Despite the shallow sequencing depth and
3’ bias associated with Drop-Seq and related massively parallel single-cell RNA-Seq methods,
our analysis demonstrated that sNucDrop-Seq allows a population of highly heterogeneous celltypes to be analyzed together to discover cell-type-specific signatures of mRNA processing.

2.4.3

sNucDrop-Seq reveals composition of cortical inhibitory neurons

GABAergic interneurons are highly diverse in terms of morphology, connectivity and
physiological properties (Kepecs and Fishell 2014), but the relative composition of these neurons,
particularly those of low abundance in the cortex, is not well established. To accurately measure
the subtype composition and validate the specificity of cortical inhibitory neuronal subtypes
identified by sNucDrop-Seq, we performed sub-clustering on cortical inhibitory neuronal nuclei
(Inh1-7 in Figure 2-2A) together with non-cortical nuclei isolated from dorsal striatum (>95%
striatal cells are GABAergnic neurons), identifying 17 sub-clusters (Figure 2-2A). Based on
expression patterns of known marker genes, we first segregated these sub-clusters into cortical
interneuron (cluster A-I in Figure 2-4A: Gad1+/Gad2+/Meis2-) and non-cortical (clusters in grey:
Meis2+) cell clusters. Consistent with their striatal origin, all non-cortical clusters express
GABAergic neuronal markers, but lack excitatory neuronal markers (Gad2+/Slc17a7-), and many
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express Ppp1r1b (also known as DARPP-32) (Figure 2-2A-B), a marker gene indicative of
medium spiny neurons (MSNs, D1-type) in the striatum. Because sNucDrop-Seq samples nuclei
in proportion to cells’ abundance in their native environment, this approach enables direct
measurement of subtype composition at single-cell resolution. This analysis identified Pvalbexpressing subtypes (cluster D, E, and F: 40.2%) and Sst-expressing subtypes (cluster G, H, and I:
31.4%) as two major groups of cortical interneurons (Figure 2-2C-D), in accordance with
previous observations derived from in situ hybridization (ISH)- or immunostaining-based
methods indicating that Pvalb- and Sst-positive groups account for ~40% and ~30% of
interneurons, respectively, in the neocortex (Rudy, Fishell et al. 2011). Beyond major interneuron
subtypes, we identified 10.8% of cortical interneurons as an Ndnf-expressing subtype (cluster A),
8.3% as a Vip-expressing subtype (cluster B), and 9.3% as a synuclein gamma (Sncg)-expressing
subtype (cluster C) (Figure 2-2C-D). On the basis of combinatorial expression of known marker
genes, interneuron subtypes identified by sNucDrop-Seq parallel those identified in previous
studies of mouse or human cortex (Lake, Ai et al. 2016, Tasic, Menon et al. 2016), revealing
inhibitory neuronal heterogeneity in both cortical layer distribution and the developmental origin
from subcortical regions of the medial or caudal ganglionic eminences (MGE or CGE) (Figure 22E-F and S2-3C). Therefore, sNucDrop-Seq resolves cellular heterogeneity and quantifies celltype composition at the transcriptomic level, with high sensitivity.

2.4.4

sNucDrop-Seq reveals layer-specific composition and activity-dependent transcriptional

state of cortical excitatory neurons
For glutamatergic neuronal clusters, we associated each excitatory neuronal subtype with
a combination of known markers indicative of their superficial-to-deep layer distribution (Figure
2-3A), revealing layer-specific composition of excitatory neuronal subtypes (Figure S2-3A-B).
Thus, sNucDrop-Seq analysis captures transcriptomic distinctions between closely related
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subtypes in each cortical layer, which is in high concordance with subtypes previously identified
in human (Lake, Ai et al. 2016) and mouse (Zeisel, Munoz-Manchado et al. 2015, Tasic, Menon
et al. 2016) cortices (Figure S2-3C-G).
In response to neuronal activity, excitatory neurons induce expression of hundreds of activityregulated genes (ARGs), many of which regulate synaptic function and allow neuronal circuits to
respond dynamically to experience (Flavell and Greenberg 2008). Because induced mRNAs may
remain in the cytoplasm for hours to days (Schwanhausser, Busse et al. 2011), it is technically
challenging to capture the dynamic and transient neuronal activation process using whole-cell
RNA-Seq. Direct comparison between single-cell and single-nucleus transcriptomic profiling of
activated neurons demonstrated that single-nucleus RNA-Seq analysis not only avoids the
aberrant activation of ARGs by whole-cell dissociation, but also reveals dynamics of
transcriptional response to neuronal activity-inducing experience such as exposure to novel
environment (Lacar, Linker et al. 2016). However, the reported low-throughput single-nucleus
RNA-Seq analysis requires pre-enrichment of activated neuronal nuclei by sorting and the
Fluidigm C1 platform, which is not easily scaled up to accommodate more samples.
On the basis of ARG expression, we explored whether sNucDrop-Seq analysis can resolve
heterogeneity in activity-induced transcriptional states amongst closely related subtypes. We
found that while nuclei in the Ex24 cluster (212 nuclei) express nearly identical layer-specific
marker genes as E25 (3,628 nuclei), Ex24 is specifically associated with high-level expression of
many ARGs (Figure 2-3A and S2-4A), including immediately early genes (IEGs) such as Fos,
Arc, and Egr1, as well as other activity-regulated transcription factors (e.g. Npas4), genes
encoding proteins that function at synapses (e.g. Homer1), and non-coding RNAs (e.g.
1700016P03Rik that encodes Mir132). A similar relationship was detected between Ex17 (91
nuclei) and Ex16 (1,847 nuclei). To further examine the relationship between these excitatory
neuronal clusters and neuronal activity-dependent transcriptional state, we performed gene set
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enrichment analysis (GSEA) of a previously defined list of genes induced by acute or prolonged
neuronal activity (Tyssowski, Jones et al. 2017). This analysis indicated that both Ex17 (falsediscovery rate [FDR]=0, compared to Ex16) and Ex24 (FDR=0, compared to Ex25) are
significantly enriched for the well-established ARG gene set (Figure 2-3B). We next determined
the genes specifically enriched in Ex17 (n=129 genes, as compared to other Ex16) or Ex24 (n=
157 genes, as compared to Ex25) neurons (Figure 2-3C). KEGG pathway analysis suggested that
gene expression patterns associated with these two excitatory neuronal clusters are enriched for
genes involved in the MAPK signaling pathway (adjusted P=5.74x10-3 for Ex17 and 8.14x10-3 for
Ex24), consistent with previous reports (Lacar, Linker et al. 2016, Tyssowski, Jones et al. 2017).
We also observed heterogeneous expression patterns of ARGs (rapid IEGs: Fos and Egr1;
delayed IEGs: Nr4a3 and Pcsk1) among cells in Ex24 (e.g. Fos+: 53% in Ex24 versus 5.7% in
Ex25; P=1.57e-71, Fisher’s exact test) and Ex17 (e.g. Fos+: 55% in Ex17 versus 6.8% in Ex17;
P=3.99e-31 Fisher’s exact test) excitatory neuronal clusters (Figure 2-3D and Table S2-2), in
agreement with a continuum of transcriptional states of ARGs revealed by previous lowthroughput single-nucleus RNA-Seq analysis of Fos-positive neuronal nuclei isolated from adult
mice exposed to a novel environment (Tasic, Menon et al. 2016). Together, these results indicate
that sNucDrop-Seq can potentially identify activity-dependent transcriptional states at single cell
resolution in vivo.

2.4.5

Mapping cell-type-specific transcriptional response to the Pentylenetetralzol (PTZ)-

induced seizure
To further examine cell-type-specific responses to neuronal activity by sNucDrop-Seq,
we elicited large-scale neuronal activation with PTZ, a GABA(A) receptor antagonist that
induces seizures coupled with ARG expression in cortex (Morgan, Cohen et al. 1987, Yount,
Ponsalle et al. 1994). Mice were treated with PTZ (n=2) or received an injection with saline as a
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control (n=2). One hour after injection, the mice were sacrificed and nuclei were immediately
isolated from the cortex for sNucDrop-Seq analysis (saline: 4,005 nuclei; PTZ: 3,491 nuclei).
After filtering out the clusters that did not contain sufficient data points (7 out of 40 clusters; see
Methods), we determined that 15 out of 33 clusters are significantly enriched for the ARG gene
set by GSEA (FDR<0.2) (Figure 2-4A-B). In addition to 11 excitatory neuronal clusters, two
inhibitory neuronal clusters (Inh2: FDR=0; Inh5: FDR=0.121) and two non-neuronal clusters
(Astro: FDR=0.165; OPC: FDR=0.032) were significantly associated with expression of activityregulated genes in response to PTZ treatment. Our analysis suggests that Sst-expressing inhibitory
neurons (Inh2) are much more likely to express ARGs than Pvalb-expressing neurons (Inh3) in
response to PTZ-induced seizure, which is in agreement with a recent cell-type-specific analysis
of inhibitory neuronal response to PTZ using an imaging-based synthetic IEG reporter system
(Sorensen, Cooper et al. 2016). Interestingly, relatively low-abundant interneuron subtypes, such
as Ndnf-expressing cells (Inh5) and oligodendrocyte precursor cells, also exhibited significant
transcriptional response to PTZ treatment (Figure 2-4A), suggesting conserved signaling
pathways underlying neuronal activation in these cell-types.
The activity-dependent gene expression program is likely structured temporally into two
major waves of gene activation. The first wave comprises primary response genes (PRGs, also
called IEGs). The second wave comprises secondary response genes (SRGs), which require de
novo translation for their induction and are likely to be regulated by PRG proteins (Tyssowski,
Jones et al. 2017). Further analysis of top ranked PTZ-induced ARGs (separated into three
groups: rapid PRG, delay PRG, and SRG) in each cluster indicates that rapid PRGs such as Fos
and Egr1 are more likely to be detected in inhibitory neuronal clusters (Inh2 and Inh5), whereas
delay PRGs (e.g., Bdnf, Mbnl2) and SRG (e.g., Nptx2) are more frequently detected in excitatory
neuronal clusters (Figure 2-4C). This observation suggests that after one-hour of PTZ treatment,
rapid PRG expression is already attenuated in excitatory neurons and inhibitory neurons are likely
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activated in a temporally distinct manner. We next asked what genes and pathways are
preferentially induced in response to PTZ treatment in distinct cell clusters. We found that
clusters (GSEA FDR<0.2) significantly associated with ARG gene set induction generally
induced a stronger transcriptional response than others (that is, greater number of genes and
amplitude of changes) (Figure S2-4B). Overall, these data should provide a rich resource for
identification of genes whose dynamic expression in specific cell-types may be important for that
cell-type’s functional response to neuronal activity.

2.5

Discussion
In conclusion, sNucDrop-Seq is a robust approach for massively parallel analysis of

nuclear RNA, at single-cell resolution. Because intact nuclear isolation can potentially be
accomplished by mechanical douncing and sucrose gradient ultracentrifugation in almost any
primary tissue, including frozen archived human tissues, sNucDrop-Seq and similar approaches
(Habib, Avraham-Davidi et al. 2017) pave the way to systematically identify cell-types, reveal
subtype composition, and dissect transient functional states such as activity-dependent
transcription in complex mammalian tissues.
Our study, with its focus on profiling the cortical cells in their native environment and in
proportion to their abundance, complements a recent single-cell RNA-Seq study of adult mouse
visual cortex that deeply surveyed FACS-isolated single cells from a comprehensive collection of
Cre lines (Tasic, Menon et al. 2016). Based on the expression of key marker genes, we found that
the subtypes of both neurons and non-neuronal cells identified in the two studies are highly
consistent (Figure S2-3C). Overall, our unbiased sampling approach may provide a more
complete and accurate description of the cell-type landscapes, whereas deep sequencing of fulllength mRNAs from select cells in the previous study may identify a more complete set of
molecular markers for each subtype.
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In addition to neuronal subtype classification, precise localization and quantification of the
activity of all neurons across specific brain regions would provide insights into how neural
information is processed in physiological and pathological states. In mammals, a snapshot of the
activity of ensembles of neurons in the mammalian brain can be obtained by whole-brain tissue
clearing coupled with immunolabeling of IEGs (Renier, Adams et al. 2016), which requires
advanced instrumentation and has low temporal resolution (that is, IEG transcripts can outlast the
end of activity by over 4 hours). Single-nucleus RNA-Seq approaches such as sNucDrop-Seq
relies on isolation of nuclei, thereby enriching nascent transcripts and also avoiding the exposure
of whole cells to stress that might lead to aberrant changes in activity-regulated gene expression.
Thus, sNucDrop-Seq may enable the detection and quantification of neural activity (using
expression of ARGs as proxies) at much higher temporal resolution. In support of this, we found
that excitatory neuronal subtypes and inhibitory neuronal subtypes express preferentially rapid
PRGs (e.g., Fos and Egr1) and Delay PRGs (e.g., Bdnf), respectively, after one of PTZ treatment.
In addition, our results show that transcriptomic differences between closely related subtypes
(e.g., between Ex24 and Ex25) may be largely driven by neuronal activity-dependent
transcriptional programs, rather than differences in developmental origin or cell-type. This
observation suggests that environmental stimuli may contribute to discontinuous transcriptomic
differences, and future studies are needed to investigate how continuous variables, such as
neuronal activity, can be best implemented as additional cell-type classifiers.
As with other single-cell or single-nucleus RNA-Seq approaches, sNucDrop-Seq relies on
dissociation of individual cells in dissected tissues, thereby discarding cells’ original anatomical
location information. Thus, combining sequencing-based single-cell genomics approach with
imaging-based multiplex fluorescence in situ hybridization (FISH) methods (Chen, Boettiger et
al. 2015, Chen, Wassie et al. 2016, Shah, Lubeck et al. 2016) that allow detection of a set of
preselected genes in tissues, is a promising approach to acquire essential information about the
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precise anatomical location, to reconstruct a more complete cell-type atlas in complex
mammalian tissues.
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Figure 2-1. sNucDrop-Seq: a massively parallel single-nucleus RNA-Seq method.
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(a) Overview of sNucDrop-Seq. Red arrows indicate representative nuclei before or after sucrose gradient centrifugation.
(b) Scatter plot comparing the average expression levels detected in single NIH3T3 nuclei (y-axis, by sNucDrop-Seq)
and cells (x-axis, by Drop-Seq). Red dots mark representative genes preferentially enriched in either the nucleus or
cytoplasm (whole cell). Only cells or nuclei that expressed >800 genes were retained for analysis. For each gene, the
average normalized expression level was calculated as log (normalized UMI counts + 1). (c) Clustering of 18,194 singlenucleus expression profiles into 40 cell populations. Ex, excitatory neurons; Inh, inhibitory neurons; Astro, astrocytes;
OPC, oligodendrocyte precursor cells; Oligo, oligodendrocytes; MG, microglia; EC, endothelial cells. (d) Marker gene
expression, shown by re-coloring and projecting onto the tSNE plot. Shown is the same plot as in Figure 1A but with
nuclei colored by the expression level of known cell type. (e) Dendrogram showing relatedness of cell clusters, followed
by (from left to right) cluster identification (ID), cell number per major cell type, UMIs per cluster (mean ± s.e.m.),
number of genes detected per cluster (mean ± s.e.m.). (f) Heatmap showing expression of cell-type specific proteincoding and long non-coding RNA markers in clusters defined in Figure 1E. (g) Cell-type-specific expression signatures
(identified by sNucDrop-Seq) agree with previously published work. Pairwise correlations of the average expression
(Methods) for the genes in each cell-type signature defined by sNucDrop-Seq and cell-types defined by DroNc-Seq in
the mouse prefrontal cortex (Habib, Avraham-Davidi et al. 2017). DroNc-Seq clusters: exPFC, excitatory neurons;
GABA, inhibitory neurons; ASC, astrocytes; OPC, oligodendrocyte precursor cells; ODC, oligodendrocytes; MG,
microglia; END, endothelial cells.
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Figure 2-2. sNucDrop-Seq reveals inhibitory neuronal subtypes and composition
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(a) Spectral tSNE plot of 1,810 cortical GABAergic neurons and 1,462 nuclei from non-cortical neurons. The
cortical inhibitory neurons were colored (A-H) while non-cortical neurons are marked in grey. Violin plots for two
GABAergic neuronal markers (Gad1 and Gad2) and two striatal cell markers (Meis2 and Ppp1r1b) are shown in
the lower panel. (b) Marker gene expression shown by re-coloring and projecting onto a tSNE plot. (c) Violin
plots showing select marker gene expression for inhibitory neuronal subtypes. Five mutually exclusive subtypespecific marker genes are highlighted in red. (d) Summary of inhibitory neuronal subtypes identified by sNucDropSeq. GABAergic subtypes are grouped according to five major classes. (e) Congruence of GABAergic neuron
subclusters defined here (from Figure 2D) with subpopulations defined from single-cell RNA-Seq profiles in the
mouse visual cortex (Tasic, Menon et al. 2016). (f) Heatmap showing select marker genes that distinguish
inhibitory neurons originated from either CGE or MGE.
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Figure 2-3. Excitatory neuronal subtypes resolve heterogeneity in cortical layer distribution and state of
neuronal activity
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(a) Heatmap for layer-specific markers and neuronal activity-regulated genes showing cortical layer identity
(L2/3/, L4, L5a/b, L6a/b), excitatory subtypes, and activity-induced gene expression. (b) Gene set enrichment
analysis (GSEA) of activity-dependent genes by the comparison between active (Ex24) and inactive (Ex25)
neuronal clusters. For each cell type, genes were ranked based on the differential expression between active (left:
Ex24) and inactive (right: Ex25). The correlation of gene expression with the treatment was shown by the bottom
histogram. Vertical lines in the middle indicate a match of genes within the set of activity-dependent genes. The
plot of running enrichment score is shown in the upper portion of each graph. The FDR of enrichment analysis
were listed. (c) Differential expression between activated and inactivated excitatory neurons within upper- (Ex24
versus Ex25) layer sub-clusters. Violin plots show select marker gene expression. (d) Co-expression analysis of
neuronal activity-dependent genes in excitatory neuronal subtypes. Spectral tSNE plots (left) and density plots
(right) illustrating expression of select activity-regulated genes in upper layer excitatory neuronal subtypes. In the
right density plots, the expression value cut-off of activity-regulated genes was determined post-hoc (the dashed
line) and the value (x) was indicated by the dashed line. The nuclei in tSNE plots are colored by ARG expression
levels.
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Figure 2-4. sNucDrop-Seq reveals neuronal activity-dependent transcriptional states in a cell-type specific
manner
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(a) GSEA of activity-dependent genes in different cell clusters by the comparison between PTZ-treated and
control (saline) neurons was performed as in Figure 3B. For each cell type, genes were ranked based on the
differential expression between PTZ (left) and saline (right). The FDR of enrichment analysis were listed and
significantly enriched cell types with FDR < 0.2 are indicated in red. (b) Spectral tSNE plot of 3,491 nuclei from
PTZ-treated mouse cortex. The nuclei were colored per annotated cell types (left panel) or the FDR of GSEA
analysis (right panel). (c) Differentially expressed activity-dependent genes in clusters. The activity-dependent
genes were classified into 3 types: rapid primary response genes (rapid PRG), delayed primary response genes
(delayed PRG) and secondary response genes (SRG). The grey vertical line denotes the cut-off of gene expression
fold change (log 0.25).
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CHAPTER 3: Joint profiling of DNA methylomes and hydroxymethylomes in single cells
resolves epigenetic base ambiguity across cell types

This chapter has been adapted from the following manuscript:
Emily B. Fabyanic*, Peng Hu*, Qi Qiu*, Daniel R. Connolly, Tong Wang, Kiara N.
Berríos, Jennifer Flournoy, Zhaolan Zhou, Rahul M. Kohil, Hao Wu (2021). Joint
profiling of DNA methylomes and hydroxymethylomes in single cells resolves epigenetic
base ambiguity across cell types. (Under revisionhttps://www.biorxiv.org/content/10.1101/2021.03.23.434325v1). 2

3.1

Abstract
Oxidative modification of 5-methylcytosine (5mC) by TET DNA dioxygenases generates

5-hydroxymethylcytosine (5hmC), the most abundant form of oxidized 5mC that impacts diverse
biological processes and exhibits unique epigenetic regulatory functions. However, existing
single-cell bisulfite sequencing methods cannot resolve the base ambiguity between 5mC and
5hmC to accurately measure cell-type specific epigenomic patterns and reveal gene regulatory
functions of 5hmC or true 5mC. Here we present joint (hydroxy)methylcytosine sequencing
(Joint-hmC-seq), a scalable and quantitative approach that simultaneously profiles 5hmC and true
5mC in single cells by harnessing differential deaminase activity of APOBEC3A towards 5mC
and chemically protected 5hmC. We apply Joint-hmC-seq to single nuclei from mouse brains to
reveal epigenetic heterogeneity of both 5hmC and true 5mC at single-cell resolution, reconstruct

2

* denotes co-first authorship. I, as one of three primary authors of this paper, performed most of the experiments in
this section contributing to all supplementary figures and main figures. Q.Q. contributed significantly to Fig. 3-2
through 3-4, as well as Fig. S3-6 through S3-9. H.W. and E.F. conceived the study. H.W. and P.H. carried out data
analysis for all figures and supplemental figures. D.C. and Z.Z. provided biological samples and experimental
processing associated with all figure panels including sorted excitatory and inhibitory nuclei. K.B. T.W. and R.H.
contributed homebrew A3A enzyme and theoretical input. J.F. contributed to Fig. 3-1. H.W., E.F., P.H., and Q.Q.
wrote the manuscript with input from other authors.
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cell-type specific 5hmC or true 5mC profiles, and link TET activity rather than absolute 5hmC
levels to transcriptional activation.

3.2

Introduction
DNA cytosine methylation is a key epigenetic modification required for proper regulation

of gene expression and is dynamically regulated in a cell-type specific manner during mammalian
development and organ maturation(Bird 2002, Luo, Hajkova et al. 2018). Developing and adult
tissues contain heterogeneous cell populations, but bulk DNA methylome profiling analysis
cannot resolve epigenetic signatures contributed by distinct cell types or states(Kelsey, Stegle et
al. 2017). Recent advances in single-cell bisulfite sequencing (BS-seq) have revolutionized the
analysis of cell-type specific DNA methylomes(Smallwood, Lee et al. 2014, Luo, Keown et al.
2017, Mulqueen, Pokholok et al. 2018). However, BS-seq cannot distinguish 5mC from
5hmC(Huang, Pastor et al. 2010, Plongthongkum, Diep et al. 2014), an oxidized form of 5mC
that is generated by the Ten-eleven translocation (TET) family of DNA dioxygenases(Pastor,
Aravind et al. 2013, Wu and Zhang 2014). As the most abundant oxidized form of 5mC, 5hmC is
stably enriched at many specific genomic regions and exhibits unique epigenetic regulatory
functions(Wu and Zhang 2015). For instance, loss of function mutations in human methyl-CpG
binding protein 2 (MeCP2) are causally linked to an autism spectrum disorder, Rett Syndrome.
MeCP2 is tightly bound to 5mC but not 5hmC in the CG context (Kinde, Gabel et al. 2015),
therefore impacting epigenomic regulation via its differential affinity towards 5mCG and
5hmCG. Thus, it is critical to resolve the base ambiguity between 5mC and 5hmC at single-cell
levels to accurately measure cell-type specific epigenomic profiles of 5hmC or true 5mC during
normal development or disease progression.
Genome-wide distribution of 5hmC or true 5mC in bulk samples has been profiled at
single-nucleotide resolution using modified bisulfite sequencing(Booth, Branco et al. 2012, Yu,
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Hon et al. 2012), restriction enzymes(Cohen-Karni, Xu et al. 2011, Sun, Terragni et al. 2013, He,
Jang et al. 2020), and recently developed bisulfite-free approaches(Schutsky, DeNizio et al. 2018,
Zeng, He et al. 2018, Liu, Siejka-Zielinska et al. 2019) (Fig. S1); however, most assays require
ample starting material and therefore cannot resolve epigenetic heterogeneity of 5hmC or true
5mC in single cells. A recent study employed the glucosylated 5hmC (5ghmC)-dependent
restriction endonuclease AbaSI to map 5hmC in single cells(Mooijman, Dey et al. 2016);
however, this method has several limitations. First, the restriction digestion-based approach relies
on selective enrichment of 5hmC-containing genomic fragments(Sun, Terragni et al. 2013,
Mooijman, Dey et al. 2016), therefore obscuring quantitation of absolute 5hmC levels and
preventing experimental or computational integration with single-cell BS-seq datasets to calculate
cell-type specific profiles of true 5mC. Second, AbaSI exhibits preference for specific sequences
and local DNA modification states(Sun, Terragni et al. 2013), presenting challenges for unbiased
genomic coverage. Finally, due to the ambiguity of assigning AbaSI cutting sites within the CH
context (H=A, C, and T), scAba-seq is only reliable for identifying 5hmC within CG
sites(Mooijman, Dey et al. 2016). A restriction enzyme-dependent method (i.e., scMspJI-seq) has
also been developed for mapping true 5mCG at single-cell level(Sen, Mooijman et al. 2021), and
is associated with similar technical challenges. Therefore, unbiased and quantitative methods are
urgently needed for profiling 5hmC or true 5mC in single cells and for assessing their regulatory
functions across heterogeneous cell populations in primary tissues.
Here, we describe a method, joint (hydroxy)methylcytosine sequencing (Joint-hmC-seq),
to concurrently profile 5hmC and true 5mC from the same cell. Low input bulk and single-cell
Joint-hmC-seq profiles accurately recapitulate DNA methylome and hydroxymethylome of
mouse cortical neurons. Furthermore, we show that Joint-hmC-seq can distinguish highly
heterogeneous mouse cortical brain cell types. Using 545 paired single-cell DNA methylome and
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hydroxymethylome profiles, we identify 12 cell types from mouse cortex and reveal cell-type
specific 5hmC and true 5mC profiles from these clusters.

3.3

Methods

3.3.1

Cell lines and culture conditions
For WG-bACE-seq validation experiments: Tet1/2/3 triple-knock out (Tet TKO) mESCs

(J1) were initially cultured in presence of Mitomycin C inactivated mouse embryonic fibroblasts
on 0.1% gelatin-coated (Millipore, ES-006-B) 6-well plates in Dulbecco’s Modified Eagle’s
Medium (DMEM) (Gibco, 11965084) supplemented with 15% fetal bovine serum (Gibco,
16000044), 0.1 mM nonessential amino acid (Gibco, 11140050), 1 mM sodium pyruvate (Gibco,
11360070), 2 mM L-glutamine (Gibco, 25030081), 50 μM 2-mercaptoethanol (Gibco,
31350010), 1 μM MEK inhibitor PD0325901 (Axon Med Chem, Axon 2128) and 3 μM GSK3
inhibitor CHIR99021 (Axon Med Chem, Axon 2128), and 1,000 U/mL LIF (Gemini BioProducts, 400-495-7). Generation and genotyping of Tet-TKO mESCs were previously
described(Qiu, Hu et al. 2020).

3.3.2

Animals
Experiments were conducted in accordance with the ethical guidelines of the National

Institutes of Health and with the approval of the Institutional Animal Care and Use Committee of
the University of Pennsylvania. Mice were group-housed in cages of three to five in a 12-hr
light/dark cycle with food and water provided ad libitum. All mice used for experiments were
naive to behavioral assays and other procedures. For all bulk-nucleus and single-nucleus
experiments, 6- to 10-week-old, wild type, male mice in a pure C57BL/6J background were used.
For prospectively isolating inhibitory and excitatory neuronal subtypes to benchmark snhmC-seq
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assay, 9-week-old transgenic mice (Mecp2Tavi/y, NexCre/+, Rosa26BirA/BirA) from a C57BL/6J
background were used (Johnson, Zhao et al. 2017).

3.3.3

Sample preparation and nuclear isolation
Mouse brains (postnatal 6-10 weeks) were rapidly resected on ice. Cortices were flash

frozen in liquid nitrogen for 2min and subsequently kept at -80°C before nuclear isolation. Nuclei
were isolated and purified as previously described with some modifications (Hu, Fabyanic et al.
2017). Briefly, 14mL sucrose cushion (1.8M sucrose (Sigma-Aldrich, RNase and DNase free,
ultra-pure grade), 10mM Tris-HCl pH 8.0, 3mM MgAc2 (Sigma-Aldrich), protease inhibitor
cocktail (Roche)) was added to the bottom of centrifuge tubes (Beckman Coulter). Using a glass
homogenizer (Wheaton), a frozen mouse cortex sample was subject to dounce homogenization
(19 times with loose pestle followed by 4 times with tight pestle) in 12mL homogenization buffer
(0.32M sucrose, 5mM CaCl2 (Sigma-Aldrich), 3mM MgAc2, 10mM Tris-HCl pH 8.0, 0.1%
Triton X-100 (Sigma-Aldrich), 0.1mM EDTA (Invitrogen), protease inhibitor cocktail).
Homogenates (~12mL) were carefully layered onto the sucrose cushion in the centrifuge tubes,
and 10mL homogenization buffer was added atop of the homogenates. The tubes were then
balanced and centrifuged in a Beckman Coulter L7-65 Ultracentrifuge at 25,000rpm at 4°C for
2hr using a Beckman Coulter SW28 swing bucket rotor (Beckman Coulter). The supernatant was
carefully removed via aspiration. 1mL chilled DPBS was added to resuspend the nuclear pellet,
and nuclei were subsequently transferred to a 1.5-mL tube. Nuclei were pelleted at 5,000 rpm for
10 min at 4C, and then resuspended in 0.01% BSA (Sigma-Aldrich) in DPBS. After
resuspension, nuclei were filtered through a 40-mm cell strainer (Fisher Scientific), visually
inspected for morphology and quality assurance, and counted using a Fuchs-Rosenthal counting
chamber before FANS.
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3.3.4

Flow cytometry-based sorting of NeuN+/- nuclei
After filtering, nuclei were resuspended in blocking buffer (1x PBS, 0.5% BSA) and

pelleted using a tabletop centrifuge at 5,000 RCF at 4°C for 15min. Nuclei were resuspended in
1.4mL blocking buffer (1x PBS, 0.5% BSA). 1mL of this cell suspension was transferred to a
separate 1.5mL Eppendorf tube, and the remaining 0.4mL was split between two additional
1.5mL Eppendorf tubes (to later serve as FANS controls). 800µL blocking buffer was added to
one of the two 1.5mL Eppendorf tubes containing 0.2mL of the counted nuclear suspension, and
1mL to the other to supplement the volume of these reactions for future antibody incubation.
During this time, 1.2µL NeuN+ primary antibody (Millipore, MAB377) and 1µL Alexa488
secondary antibody (Invitrogen) were incubated at room temperature for 5min in 150µL 1x PBS
and 50µL blocking buffer: primary + secondary antibody solution. This same mixture was
incubated, minus the primary antibody, to serve as a negative FANS control (secondary-only
control). The primary + secondary antibody solution was added to the undiluted nuclear
suspension, and the secondary-only control was added to the 1mL diluted nuclear suspension.
Both of these tubes were covered with aluminum foil and incubated with rotation at 4°C for
25min. Subsequently, 1.2µL 100mg/µL DAPI (Sigma-Aldrich) was added to all three nuclear
suspensions. The tubes were covered with aluminum foil, and further incubated at 4°C with
rotation for 5min. All three suspensions were pelleted using a tabletop centrifuge at 5,000 RCF at
4°C for 15min. The supernatants were removed and 1mL blocking buffer was added to resuspend
each pellet. All three suspensions were washed at 4°C with rotation for 20min. All three
suspensions were pelleted using a tabletop centrifuge at 5,000 RCF at 4°C for 15min. Each pellet
was resuspended to a final concentration of 1x106nuclei/mL and sorted with a BD Biosciences
Influx cell sorter at the University of Pennsylvania Flow Cytometry and Cell Sorting Facility.
DAPI-only and secondary-only control samples were used to calibrate the sorter, and NeuN+/nuclear populations were either sorted in bulk (into 1.5mL Eppendorf tubes) or single-nuclei (in
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96-well PCR plates provided in the Zymo EZ-96 DNA Methylation-Direct™ Kit loaded with
4µL Proteinase K digestion buffer (1µL M-Digestion Buffer, 0.1µL 20µg/µL Proteinase K, and
0.9µL water).

3.3.5

Flow cytometry-based sorting of excitatory and inhibitory neurons using the

Neurod6/NEX-Cre driven transgenic reporter mouse line
A transgenic reporter mouse line was generated as previously described (Johnson, Zhao
et al. 2017). Isolated nuclei from the prefrontal cortex were resuspended in 1.5mL blocking buffer
(1× PBS, 0.5% BSA (Sigma A4503), Roche Complete Protease Inhibitor without EDTA) and
blocked for 20 min at 4 °C with rotation. After blocking, nuclei were incubated with an Alexa
488-conjugated anti-NeuN antibody (1:1,000, Millipore MAB377X) and StreptavidinPhycoerythrin (PE) (1:200, BioLegend 405203) for 30 min at 4 °C with rotation. After a 5 min
incubation with DAPI (1:1000), nuclei were washed for an additional 30 min in 1mL blocking
buffer. Nuclei were then pelleted, resuspended in 1mL FACS buffer (1× PBS, 1% BSA (Sigma
A4503), Roche Complete Protease Inhibitor without EDTA), and passed through a 35 µm strainer
(Corning #352235) in preparation for flow cytometry. FACS was performed using a BD
Biosciences Influx cell sorter at the University of Pennsylvania Flow Cytometry and Cell Sorting
Facility. Singlet nuclei were identified using DAPI fluorescence, and Alexa 488 and PE
fluorescence were used to isolate Streptavidin-/NeuN- (non-neuronal, double negative in Fig S34A), Streptavidin-/NeuN+ (Nex-negative neuronal nuclei, Inh, single positive in Fig S3-4A), and
Streptavidin+/NeuN+ (Nex-positive neuronal nuclei, Ex, double positive in Fig S3-4A)
populations.
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3.3.6

Preparation of phage spike-in controls
Phage spike-ins (used in standard/WG-bACE-seq, snmC/snhmC-seq, and joint-hmC-seq

assays) were prepared as previously described1, with minor modifications. Briefly, lambda phage
DNA was enzymatically methylated at CG sites by incubating with the CG methyltransferase
M.SssI (NEB M0226M) and S-adenosylmethionine (SAM) at 37°C as previously reported (Wu,
Wu et al. 2014). After 2h, additional enzyme and SAM were added to the reaction and incubation
continued for another 4h, the enzyme was deactivated by incubation at 65°C for 20min, and DNA
was bead purified with 1.6x homebrew solid phase reversible immobilization (SPRI) beads (1mL
Sera-Mag SpeedBeads (GE Healthcare), 9g PEG 8000 (Sigma), 10mL 5M NaCl, 500µL 1M TrisHCl pH 8.0 (Invitrogen), 100µL 0.5M EDTA pH 8.0 (Invitrogen)). The methylated phage DNA
was combined in equal amounts with mutant T4 (5hmC only) phage DNA (Schutsky, DeNizio et
al. 2018). Unsheared phage DNA is added in a proportion of 1:200 for bulk assays (standard and
WG-bACE-seq) and 1:100 for single cell assays (snmC-seq, snhmC-seq, and joint-hmC-seq).

3.3.7

Cloning and purification of APOBEC3A for WG-bACE-seq
A full-length CDS of codon-optimized (using the IDT Codon Optimization Tool) human

APOBEC3A (A3A) with PreScission protease cleavage sequences on both sides was synthesized
by Integrated DNA Technologies (IDT) as a gBlock Gene Fragment (See Supplementary Note 1
for the sequence of gBlock). The gBlock fragment was inserted between the SspI and XhoI
cleavage sites of a pET His6 MBP prescission LIC cloning vector (HMPKS, Addgene Plasmid
#29721) using NEBuilder® HiFi DNA Assembly reagents (NEB E2621S). The DNA assembly
product was transformed into an E.coli Stbl3 strain. Positive clones with insertion were confirmed
by Sanger sequencing (covering the coding region). A step-by-step protocol of APOBEC3A
purification is provided in Supplementary Note 2. Briefly, the A3A expression plasmid was
transformed into E.coli C3013 cells (NEB) for protein production. One liter of culture was grown
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at 37°C to A600=0.6-0.7. The culture was then chilled to 10°C, and IPTG was added to 0.1 mM.
After continued growth overnight at 16C (about 16 hours), the cells were pelleted and stored at 80°C up to one week. On the day of purification, the cells were lysed by sonication in 9 mL Hisbinding/wash buffer (50 mM Tris-HCl (pH 7.5), 150 mM NaCl, 10% Glycerol, 25 mM
imidazole, with protease-inhibitor (cOmplete, EDTA-free) and 0.5 mM DTT). The lysate was
pelleted at 12,000 rpm for 40 min at 4°C. The supernatant was loaded on 2 ml IMAC Ni-resin
(BioRad, #1560131), washed by His-binding/wash buffer and incubated for 1 hour at 4°C. The
column was washed by 5 mL His-binding/wash buffer, 15 mL High salt wash buffer (50 mM
Tris-HCl (pH 7.5), 500 mM NaCl, 10% Glycerol, 25 mM imidazole, and 0.1% IGEPAL CA630), and 2 mL HRV3C-cleavage buffer (20 mM Tris-HCl (pH 7.5), 150 mM NaCl, 1 mM
EDTA, 1 mM DTT, 5% Glycerol, 0.02% IGEPAL CA-630). The A3A protein was eluted by
adding PreScission protease mixture (40 U PreScission Protease (Cytiva/GE healthcare,
#27084301) in 1 mL HRV3C-cleavage buffer) to the column and incubating overnight at 4°C.
The PreScission protease from the elution was removed by Glutathione Sepharose resin
(Cytiva/GE healthcare, #17075601). The purified elution was run on an SDS-PAGE gel to check
the quality and purity, then concentrated with Amicon Ultra Centrifugal Filter Unit (Millipore,
UFC801024) if necessary. Following this, glycerol was added to a concentration of 30%, the
enzyme was aliquotted and finally snap-frozen on dry-ice before storing at -80°C. This purified
A3A enzyme should be shelf stable for at least 1 year. An additional batch of wild-type human
APOBEC3A (A3A) was cloned, expressed, and purified from BL21 (DE3) cells with a Trigger
Factor (TF) chaperone, as previously described2. Each batch of purified enzyme must undergo
quality control measures to ensure normalized batch-specific reaction conditions. To validate
optimal enzyme concentration, phage-only samples were analyzed with 10ng each of pooled
methylated phage and mutant T4 (5hmC only) gDNA. Each batch of A3A enzymes were tested
on spike-in controls at the measured concentration plus seven subsequent 1:2 serial dilutions and
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methylated phage deamination efficiency, as well as 5hmC protection efficiency were validated
by sequencing a pooled 4nM library on the Illumina MiSeq using the MiSeq Reagent Nano Kit v2
(300-cycles).

3.3.8

In-house APOBEC3A reaction buffer optimization for low-input WG-bACE-seq and

snhmC-seq (v1.0)
Due to the difference in the proportion of reaction components between standard and
WG-bACE-seq, buffer optimization was performed to ensure maximum efficiency of the
APOBEC3A deamination reaction in the snhmC/joint-hmC-seq workflows (Fig. 3-1C and Fig. 32A). The ACE-seq reaction supports up to 39% of the A3A incubation reaction volume to consist
of eluted DNA, whereas WG-bACE-seq and snhmC-seq require 60% of this final reaction
volume to consist of DNA eluent. As a result, buffer conditions for this step were specifically
optimized to maintain pH 6.0 reaction conditions for this incubation step. The primary workflow
alteration to achieve this goal was to reduce the concentration of the Tris-HCl pH 7.5 elution
buffer from 10mM to 1mM, post bisulfite treatment. Additionally, we used a higher concentration
of standard ACE-seq buffer in the final reaction (40 mM MES pH 6.0) (Schutsky, DeNizio et al.
2018) (Fig. 3-1C and Fig. 3-2A).

3.3.9

Comparison of WG-bACE-seq and WG-ACE-seq on phage controls and mammalian

genomic DNA
Standard ACE-seq was performed as previously described(Schutsky, DeNizio et al.
2018). For all mammalian genomic DNA samples, a total of 20ng of sheared gDNA (~300bp)
was analyzed, containing the sheared methylated lambda phage and mutant T4 phage (5hmC
only) spike-in controls (0.5% total by mass). In a total volume of 5uL, the gDNA mixture was
glucosylated using UDP-glucose and T4 ꞵ-glucosyltransferase (T4-ꞵGT, NEB M0357S) at 37°C
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for 1h. 1µL DMSO was added, and the sample was denatured at 95°C for 5min and snap cooled
by transfer to a PCR tube rack pre-incubated at −80°C. Before thawing, reaction buffer was
overlaid to a final concentration of 20mM MES pH 6.0 + 0.1% Tween, and A3A was added to a
final concentration of 5μM in a total volume of 10μL. The deamination reactions were incubated
under linear ramping temperature conditions from 4–50°C over 2h. After deamination, the
samples were prepared for Illumina sequencing using the Accel Methyl-NGS kit (Swift
Biosciences, 33096). To confirm that the output of WG-bACE-seq v1.0 followed predictions
(Fig. S2), we applied the technique to 20ng unsheared DNA containing unsheared methylated
lambda phage and mutant T4 phage (5hmC only) spike-in controls (0.5% total by mass). Bisulfite
conversion and purification was carried out using EZ DNA Methylation-Direct™ Kit (Zymo
Research D5020), following the product manual. Bisulfite reactions were eluted with 10µL
0.5mM Tris-HCl pH 7.5. To 9µL of this reaction, 1.5µL 40mM MES pH 6.0 + 0.1% Tween and
1.5µL DMSO were added. The sample was denatured (optional for WG-bACE-seq) at 95°C for
1min and snap cooled by transfer to a PCR tube rack pre-incubated at −80°C. Before thawing,
1.5µL 200mM MES pH 6.0 + 0.1% Tween and 1.5µL 50μM A3A were added to each reaction to
a final volume of 15µL. The deamination reactions were incubated at 37°C for 2h, purified with
1.6x homebrew SPRI beads, and prepared for Illumina sequencing using the adapted snmC-seq
strategy (see below)(Luo, Keown et al. 2017).

3.3.10 Library preparation strategy for bulk WG-bACE-seq and snhmC-seq (v1.0)
All steps of library preparation were performed in an AirCleanⓇ600 PCR Workstation to
minimize environmental DNA contamination. Bisulfite conversion of bulk nuclei for WG-bACEseq was carried out using Zymo EZ DNA Methylation-Direct™ Kit (D5020), following the
product manual. Bisulfite conversion of single nuclei for snhmC-seq was carried out using Zymo
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EZ-96 DNA Methylation-Direct™ Kit (Deep Well Format, D5023), following the product
manual with proportionally reduced reaction volume. PCR tubes containing FANS-isolated
nuclei, or 96-well plates containing FANS-isolated single nuclei, were heated at 50°C for 20min.
130μL (for bulk) or 32.5μL (for single nuclei) CT Conversion Reagent was added to each well,
followed by pipetting up and down to mix. Plates were treated with the following program using
a thermocycler: 98°C for 8min, 64°C for 3.5h, and 4°C forever.
Zymo-Spin™ columns or Zymo-Spin™ I-96 Binding Plates were preloaded with either
600μL or 250μL M-binding buffer, respectively. Bisulfite conversion reagents were transferred
from their reaction vial into their respective spin columns or plates. From this point, both bulk
and single-cell samples were further processed according to their respective kit instructions,
except 0.5mM Tris-HCl pH 7.5 was used as the elution buffer. To the 9μL eluent retained from
each reaction, and to this, 1.5µL 200mM MES pH 6.0 + 0.1% Tween and 1.5µL DMSO were
added. The samples were denatured at 95°C for 1min and snap cooled by transfer to a PCR tube
rack pre-incubated at −80°C (for bulk samples) or transfer to an isopropanol dry ice bath and then
to the −80°C pre-incubated PCR tube rack (for 96-well plates containing single nuclei). Before
thawing, 1.5µL 200 mM MES pH 6.0 + 0.1% Tween-20 and 1.5µL 5μM A3A were added to each
reaction to a final volume of 15µL (for a final concentration of 500nM/µL A3A per reaction).
The deamination reactions were incubated at 37°C for 2h, purified with 1.6x homebrew SPRI
beads, eluted in 9µL Low EDTA TE buffer (Swift Biosciences) and prepared for Illumina
sequencing using the adapted snmC-seq library preparation workflow as previously outlined5,6.
Briefly, 1µL of an assigned random primer (P5L_AD002_H, P5L_AD006_H,
P5L_AD008_H, P5L_AD010_H, P5L_AD001_H, P5L_AD004_H, P5L_AD007_H, or
P5L_AD012_H) was added to each reaction to allow for subsequent multiplexing (8-plex)
reactions during downstream library preparation.
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Random primers with 8-plex inline barcodes (HPLC purified) were ordered from Integrated DNA
Technologies (IDT):

P5L_AD002_H:
/5SpC3/TTCCCTACACGACGCTCTTCCGATCTCGATGT(H1:33340033)(H1)(H1)(H1)(H1)(H1)(H1)(H
1)(H1)
P5L_AD006_H:
/5SpC3/TTCCCTACACGACGCTCTTCCGATCTGCCAAT(H1:33340033)(H1)(H1)(H1)(H1)(H1)(H1)(
H1)(H1)
P5L_AD008_H:
/5SpC3/TTCCCTACACGACGCTCTTCCGATCTACTTGA(H1:33340033)(H1)(H1)(H1)(H1)(H1)(H1)(H
1)(H1)
P5L_AD010_H:
/5SpC3/TTCCCTACACGACGCTCTTCCGATCTTAGCTT(H1:33340033)(H1)(H1)(H1)(H1)(H1)(H1)(H
1)(H1)
P5L_AD001_H:
/5SpC3/TTCCCTACACGACGCTCTTCCGATCTATCACG(H1:33340033)(H1)(H1)(H1)(H1)(H1)(H1)(
H1)(H1)
P5L_AD004_H:
/5SpC3/TTCCCTACACGACGCTCTTCCGATCTTGACCA(H1:33340033)(H1)(H1)(H1)(H1)(H1)(H1)(
H1)(H1)
P5L_AD007_H:
/5SpC3/TTCCCTACACGACGCTCTTCCGATCTCAGATC(H1:33340033)(H1)(H1)(H1)(H1)(H1)(H1)(
H1)(H1)
P5L_AD012_H:
/5SpC3/TTCCCTACACGACGCTCTTCCGATCTCTTGTA(H1:33340033)(H1)(H1)(H1)(H1)(H1)(H1)(H
1)(H1)
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Reactions or plates were heated at 95°C using a thermocycler for 3min to denature and
were immediately chilled on ice for 2min. 10µL enzyme mix (2µL Blue Buffer (Enzymatics
B0110), 1µL 10mM dNTP (NEB N0447L), 1µL Klenow exo (50U/µL, Enzymatics P7010-HCL), and 6µL water) was added to each well and reactions were mixed by vortexing. Plates or
reactions were treated with the following program using a thermocycler: 4°C for 5min, ramp up
to 25°C at 0.1°C/sec, 25°C for 5min, ramp up to 37°C at 0.1°C/sec, 37°C for 60min, 4°C forever.
Following this, 2μL Exonuclease 1 (20U/μL, Enzymatics X8010L) and 1μL Shrimp Alkaline
Phosphatase (rSAP) (1U/μL, NEB M0371L) was added to each reaction followed by vortexing
and incubation in a thermocycler at 37°C for 30min followed by 4°C forever.
18.4μL (0.8x) homebrew SPRI beads were added to each reaction; Up to 8 sample/bead
mixtures can be pooled at this stage to allow for multiplexing reactions. The sample/bead
mixtures were incubated at room temperature for 5min before being placed on a 96-well magnetic
separator (DynaMag™-96 Side Magnet, ThermoFisher 12331D). Supernatant was removed from
each well, followed by three rounds of washing with 180μL 80% ethanol. Beads were air dried at
room temperature and 10μL Low EDTA TE buffer was added to each well to fully resuspend the
beads. Eluted samples were then transferred to either new PCR strips (for bulk samples) or 96well plates (for single-cell samples).
The reactions were denatured in a thermocycler at 95°C for 3min and subsequently
chilled on ice for 2min. 10.5μL Adaptase master mix (2μL Buffer G1, 2μL Reagent G2, 1.25μL
Reagent G3, 0.5μL Enzyme G4, 0.5μL Enzyme G5, and 4.25μL Low EDTA TE buffer; AccelNGS Adaptase Module for Single Cell Methyl-Seq Library Preparation, Swift Biosciences
33096) was added to each reaction, followed by vortexing. Reactions were incubated in a
thermocycler at 37°C for 30min then 4°C forever. Subsequently, 30μL PCR mix (25μL KAPA
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HiFi HotStart ReadyMix, KAPA BIOSYSTEMS KK2602, 1μL 30μM P5 indexing primer, and
5μL 10μM P7 indexing primer) were added to each well, followed by mixing with vortexing.

P5 indexing PCR primers:
P5L_D501:
AATGATACGGCGACCACCGAGATCTACACTATAGCCTACACTCTTTCCCTACACGACGCTCT
P5L_D502:
AATGATACGGCGACCACCGAGATCTACACATAGAGGCACACTCTTTCCCTACACGACGCTCT
P5L_D503:
AATGATACGGCGACCACCGAGATCTACACCCTATCCTACACTCTTTCCCTACACGACGCTCT
P5L_D504:
AATGATACGGCGACCACCGAGATCTACACGGCTCTGAACACTCTTTCCCTACACGACGCTCT
P5L_D505:
AATGATACGGCGACCACCGAGATCTACACAGGCGAAGACACTCTTTCCCTACACGACGCTCT
P5L_D506:
AATGATACGGCGACCACCGAGATCTACACTAATCTTAACACTCTTTCCCTACACGACGCTCT
P5L_D507:
AATGATACGGCGACCACCGAGATCTACACCAGGACGTACACTCTTTCCCTACACGACGCTCT
P5L_D508:
4AATGATACGGCGACCACCGAGATCTACACGTACTGACACACTCTTTCCCTACACGACGCTCT

P7 indexing PCR primers:
P7L_D701:
CAAGCAGAAGACGGCATACGAGATCGAGTAATGTGACTGGAGTTCAGACGTGTGCTCTT
P7L_D702:
CAAGCAGAAGACGGCATACGAGATTCTCCGGAGTGACTGGAGTTCAGACGTGTGCTCTT
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P7L_D703:
CAAGCAGAAGACGGCATACGAGATAATGAGCGGTGACTGGAGTTCAGACGTGTGCTCTT
P7L_D704:
CAAGCAGAAGACGGCATACGAGATGGAATCTCGTGACTGGAGTTCAGACGTGTGCTCTT
P7L_D705:
CAAGCAGAAGACGGCATACGAGATTTCTGAATGTGACTGGAGTTCAGACGTGTGCTCTT
P7L_D706:
CAAGCAGAAGACGGCATACGAGATACGAATTCGTGACTGGAGTTCAGACGTGTGCTCTT
P7L_D707:
CAAGCAGAAGACGGCATACGAGATAGCTTCAGGTGACTGGAGTTCAGACGTGTGCTCTT
P7L_D708:
CAAGCAGAAGACGGCATACGAGATGCGCATTAGTGACTGGAGTTCAGACGTGTGCTCTT
P7L_D709:
CAAGCAGAAGACGGCATACGAGATCATAGCCGGTGACTGGAGTTCAGACGTGTGCTCTT
P7L_D710:
CAAGCAGAAGACGGCATACGAGATTTCGCGGAGTGACTGGAGTTCAGACGTGTGCTCTT
P7L_D711:
CAAGCAGAAGACGGCATACGAGATGCGCGAGAGTGACTGGAGTTCAGACGTGTGCTCTT
P7L_D712:
CAAGCAGAAGACGGCATACGAGATCTATCGCTGTGACTGGAGTTCAGACGTGTGCTCTT

Reactions were transferred to a thermocycler programmed with the following stages:
95°C for 2min, 98°C for 30sec, 15 cycles of [98°C for 15sec, 64°C for 30sec, 72°C for 2min] (for
pooled single nucleus reactions), 72°C for 5min, and 4°C forever. For bulk samples, we perform
qPCR and subtract two cycles from the inflection point for each sample to determine optimal
cycle number for amplification. PCR products were cleaned with two rounds of 0.8x SPRI beads,
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concentration was determined via QbitⓇ dsDNA High Sensitivity Assay Kit (Invitrogen
Q32851), and library size was determined via Bioanalyzer (Agilent High Sensitivity DNA Kit,
5067-4626). Reactions were sequenced on an Illumina NextSeq 500 using the 300-cycle High
Output v2 Kit or NovaSeq 6000 using the SP 300-cycle v1 kit.

3.3.11 snhmC-seq2 and snmC-seq2 improved reaction conditions (v2.0)
Due to new reagents becoming available, our hydroxymethylome mapping protocols had
the potential to be further optimized for higher reaction success (C and mC deamination, as
measured by CpG-methylated lambda phage control), higher mapping rate, as well as higher yield
throughout the treatment and library preparation process. The changes made to the above
workflow were incorporated into all downstream experiments due to significant data quality
improvements. The changes made to the workflow will be bolded in the following section. In
addition, changes were incorporated into library preparation that were utilized for all assay types.
These changes reflect minor modification to the published snmC-seq2 workflow and will hereby
be referenced as v2.0.
Summary of snhmC v1.0 and v2.0/Joint-hmC-seq workflow differences
V1.0

V2.0

A3A reaction volume

15uL

24uL

A3A reaction components

3uL 200nM MES pH 6.0 with

16uL H2O (for A3A*), 2.4uL

(optimized to increase the

0.1% Tween, 1.5uL DMSO,

APOBEC Reaction Buffer

deamination efficiency)

9uL 0.5mM Tris-HCl pH 7.5,

(50mM Bis-Tris pH 6.0 with

1.5uL in-house 5uM A3A (for

0.1% Triton X-100), 0.48uL

a final concentration of

NEB BSA, 4.8uL in-house

500nM)

wild-type 5uM A3A (1000nM
final concentration, adjust
water volume accordingly for
a final reaction volume of
24uL) or 0.48uL NEB mutant
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A3A* (500nM final
concentration)
A3A incubation parameters

2h at 37C

30min at 37C, manual plate

(optimized to increase the

vortexing, followed by 2.5h

deamination efficiency)

incubation at 37C

Purification steps (optimized

1.6x homebrew beads post

2x commercial SPRI beads

to removed small fragments)

A3A conversion + use of

post A3A conversion + 0.8x

homebrew beads throughout

commercial SPRI after

library preparation steps.

enzymatic digestion, followed
by two rounds of 0.8x
homebrew bead purification
after indexing

Random priming step

Klenow-based random

BST-based random priming:

(optimized to increase

priming: 2uL Blue Buffer, 1uL

2uL 10x Isothermal

mapping rates)

10mM dNTP (NEB), 1uL

Amplification Buffer II, 0.8uL

Klenow exo (50U/µL,

BST 3.0 DNA Polymerase

Enzymatics), and 6uL H2O

(8,000 U/mL), 1.2uL NEB
MgSO4, 2.8uL 10mM dNTP
(NEB), and 3.2uL H2O

3.3.12 Updated library preparation strategy for snhmC-seq2, snhmC-seq2 (v2.0), and JointhmC-seq
All steps of library preparation were performed in an AirCleanⓇ600 PCR Workstation to
minimize environmental DNA contamination. Bisulfite conversion of single nuclei for
snhmC/joint-hmC-seq was carried out using the Zymo EZ-96 DNA Methylation-Direct™ Kit
(Deep Well Format, D5023), following the product manual with proportionally reduced reaction
volume. 96-well plates containing FANS-isolated single nuclei were heated at 50°C for 20min.
32.5μL CT Conversion Reagent was added to each well, followed by sealing the plate and
shaking to mix. Plates were treated with the following program using a thermocycler: 98°C for
8min, 64°C for 3.5h, and 4°C forever.
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Zymo-Spin™ I-96 Binding Plates were preloaded with 250μL M-binding buffer.
Bisulfite conversion reagents were transferred from their reaction vial into their respective spin
columns or plates. For the snhmC-seq2 workflow, 10µL (for bulk) and 20µL (for joint-hmC-seq)
of nuclease-free water was used as the elution buffer. To the 9μL eluent retained from each
reaction (for joint-hmC-seq, 9uL is retained for each snmC-seq2 or snhmC-seq2 assay), 7µL H2O
was added to the eluant, for a total reaction volume of 16µL. The 9µL eluent retained for the
snmC-seq2 assay will proceed directly to random priming, and the 9 µL retained for snhmCseq2/joint-hmC-seq were denatured at 95°C for 1min and snap cooled by transfer to an
isopropanol dry ice bath and then to the −80°C pre-incubated PCR tube rack. To snap-cooled
samples, 8µL of a master mix of each of the following reagents from the NEBNext® Enzymatic
Methyl-seq (EM-seqTM) kit (NEB E7125L) was added (4.64µL H2O, 2.4µL APOBEC Reaction
Buffer (50mM Bis-Tris (pH 6.0), 0.1% Triton X-100), 0.48µL BSA (NEB), 0.48µL APOBEC)
and plates were spun down to incorporate master mix components into just-thawed reactions. The
deamination reactions were incubated for 30 minutes at 37°C, tapped to mix, and spun down
before undergoing an additional incubation for 2.5h at 37°C. Post-incubation, these reactions
were purified with 2x commercial SPRI beads (Beckman Coulter B23318), and eluted in 9µL
Low EDTA TE buffer (Swift Biosciences) and prepared for Illumina sequencing using the snmCseq library preparation workflow with minor modifications, which will be outlined in bold below.
Random primers and indexing primers are the same for the following steps as in the
previous section. For the joint-hmC-seq protocol 1µL of matched, assigned 5uM random primers
(P5L_AD002_H, P5L_AD006_H, P5L_AD008_H, P5L_AD010_H, P5L_AD001_H,
P5L_AD004_H, P5L_AD007_H, or P5L_AD012_H) was added to each reaction to allow for
subsequent multiplexing (8-plex) and pairing of snmC-seq2 to snhmC-seq2 reactions. For snmCseq2 and snhmC-seq2, individually, random primers were added as previously described.
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Plates were heated at 95°C using a thermocycler for 3min to denature and were
immediately chilled on ice for 2min. 11µL enzyme mix (2µL 10X Isothermal Amplification
Buffer II, 0.8µL BST 3.0 DNA Polymerase (8,000 U/mL), 1.2µL MgSO4 (these three reagents all
from NEB M0374L), 2.8µL10mM dNTP (NEB N0447L), and 3.2µL water) was added to each
well and reactions were mixed by shaking. Reactions were then incubated at 60°C for 1h.
Following this, 2μL Exonuclease 1 (20U/μL, Enzymatics X8010L) and 1μL Shrimp Alkaline
Phosphatase (rSAP) (1U/μL, NEB M0371L) was added to each reaction followed by vortexing
and incubation in a thermocycler at 37°C for 30min followed by 4°C forever.
18.4μL (0.8x) commercial SPRI beads were added to each reaction; Up to 8 sample/bead
mixtures can be pooled at this stage to allow for multiplexing reactions. The sample/bead
mixtures were incubated at room temperature for 5min before being placed on a 96-well magnetic
separator (DynaMag™-96 Side Magnet, ThermoFisher 12331D). Supernatant was removed from
each well, followed by three rounds of washing with 180μL 80% ethanol. Beads were air dried at
room temperature and 10μL Low EDTA TE buffer was added to each well to fully resuspend the
beads. Eluted samples were then transferred to either new PCR strips (for bulk samples) or 96well plates (for single-cell samples).
The reactions were denatured in a thermocycler at 95°C for 3min and subsequently
chilled on ice for 2min. 10.5μL Adaptase master mix (2μL Buffer G1, 2μL Reagent G2, 1.25μL
Reagent G3, 0.5μL Enzyme G4, 0.5μL Enzyme G5, and 4.25μL Low EDTA TE buffer; AccelNGS Adaptase Module for Single Cell Methyl-Seq Library Preparation, Swift Biosciences
33096) was added to each reaction, followed by vortexing. Reactions were incubated in a
thermocycler at 37°C for 30min then 4°C forever. Subsequently, 30μL PCR mix (25μL KAPA
HiFi HotStart ReadyMix, KAPA BIOSYSTEMS KK2602, 1μL 30μM P5 indexing primer, and
5μL 10μM P7 indexing primer) were added to each well, followed by mixing with vortexing.
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Reactions were transferred to a thermocycler programmed with the following stages:
95°C for 2min, 98°C for 30sec, 15 cycles of [98°C for 15sec, 64°C for 30sec, 72°C for 2min] (for
pooled single nucleus reactions), 72°C for 5min, and 4°C forever. For bulk samples, we perform
qPCR and subtract two cycles from the inflection point for each sample to determine optimal
cycle number for amplification. PCR products were cleaned with two rounds of 0.8x homebrew
SPRI beads (for both v1.0 and v2.0), concentration was determined via QbitⓇ dsDNA High
Sensitivity Assay Kit (Invitrogen Q32851), and library size and quality was determined via
Bioanalyzer (Agilent High Sensitivity DNA Kit, 5067-4626). At this stage, it is essential that
adapter contamination concentration does not exceed 1:200 total library concentration. Please see
Supplementary Note 3 for troubleshooting details. Reactions were sequenced on an Illumina
NextSeq 500 using the 300-cycle High Output v2 Kit or NovaSeq 6000 using the SP 300-cycle
v1 kit.

3.3.13 Joint-hmC-seq to profile both the DNA methylome and hydroxymethylome in the same
single cell
The improved reaction conditions allowed for higher DNA retention and reaction
success, which enables the ability to profile both mC and hmC in the same single cell through
physical reaction splitting after bisulfite-conversion. The workflow for this will be described as
follows. All steps of library preparation were performed in an AirCleanⓇ600 PCR Workstation to
minimize environmental DNA contamination. Bisulfite conversion of single nuclei for split
snhmC/joint-hmC-seq was carried out using the protocol previously outlined. Following, bisulfite
treatment, purification was performed according to kit instructions, except 20µL molecular
biology-grade H2O was used as the elution buffer. 9μL of the total eluent is retained to directly
undergo library preparation, following our updated protocol above (snmC-seq2-only plate). The
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additional ~9µL eluant is to be pipetted into a separate 96-well PCR plate loaded with 7µL
molecular-grade H2O (for a total of 16uL per reaction). These samples (snhmC v2.0 plate) then
underwent A3A treatment with the snhmC v2.0 workflow, followed by the optimized (bold)
library preparation steps outlined above.

3.3.14 sNucDrop-seq library preparation and sequencing
FANS-sorted NeuN+ and NeuN- nuclei were individually diluted to a concentration of
100 nuclei/mL in DPBS containing 0.01% BSA. Approximately 1.25 mL of this single-nucleus
suspension was loaded for each sNucDrop-seq run. The single-nucleus suspension was then coencapsulated with barcoded beads (ChemGenes) using an Aquapel-coated PDMS microfluidic
device (mFluidix) connected to syringe pumps (KD Scientific) via polyethylene tubing with an
inner diameter of 0.38mm (Scientific Commodities). Barcoded beads were resuspended in lysis
buffer (200 mM Tris-HCl pH8.0, 20 mM EDTA, 6% Ficoll PM-400 (GE Healthcare/Fisher
Scientific), 0.2% Sarkosyl (Sigma-Aldrich), and 50 mM DTT (Fermentas; freshly made on the
day of run) at a concentration of 120 beads/mL. The flow rates for nuclei and beads were set to
4,000 mL/hr, while QX200 droplet generation oil (Bio-rad) was run at 15,000 mL/hr. A typical
run lasts 20 min. Droplet breakage with Perfluoro-1-octanol (Sigma-Aldrich), reverse
transcription and exonuclease I treatment were performed, as previously described, with minor
modifications7. For up to 120,000 beads, 200 μL of reverse transcription (RT) mix (1x Maxima
RT buffer (ThermoFisher), 4% Ficoll PM-400, 1 mM dNTPs (Clontech), 1 U/mL RNase
inhibitor, 2.5 mM Template Switch Oligo (TSO: AAGCAGTGGTATCAACGCAGAG
TGAATrGrGrG) (Macosko et al., 2015), and 10 U/ mL Maxima H Minus Reverse Transcriptase
(ThermoFisher)) were added. The RT reaction was incubated at room temperature for 30min,
followed by incubation at 42C for 120 min. To determine an optimal number of PCR cycles for
amplification of cDNA, an aliquot of 6,000 beads was amplified by PCR in a volume of 50 μL
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(25 μL of 2x KAPA HiFi hotstart readymix (KAPA biosystems), 0.4 μL of 100 mM TSO-PCR
primer (AAGCAGTGGTATCAACGCAGAGT (Macosko et al., 2015), 24.6 μL of nuclease-free
water) with the following thermal cycling parameter (95C for 3 min; 4 cycles of 98C for 20 sec,
65C for 45 sec, 72C for 3 min; 9 cycles of 98C for 20 sec, 67C for 45 sec, 72C for 3 min; 72C for
5 min, hold at 4C). After two rounds of purification with 0.6x SPRISelect beads (Beckman
Coulter), amplified cDNA was eluted with 10 μL of water. 10% of amplified cDNA was used to
perform real-time PCR analysis (1 μL of purified cDNA, 0.2 μL of 25 mM TSO-PCR primer, 5
μL of 2x KAPA FAST qPCR readymix, and 3.8 μL of water) to determine the additional number
of PCR cycles needed for optimal cDNA amplification (Applied Biosystems QuantStudio 7
Flex). We then prepared PCR reactions per total number of barcoded beads collected for each
sNucDrop-seq run, using 6,000 beads per 50- μL PCR reaction, and ran the aforementioned
program to amplify the cDNA for 4 + 10 to 12 cycles. We then tagmented cDNA using the
Nextera XT DNA sample preparation kit (Illumina, FC-131-1096), starting with 550 pg of cDNA
pooled in equal amounts, from all PCR reactions for a given run. Following cDNA tagmentation,
we further amplified the tagmented cDNA libraries with 12 enrichment PCR cycles using the
Illumina Nextera XT i7 primers along with the P5-TSO hybrid primer
(AATGATACGGCGACCACCGAGATCTACACGCCTGTCCGCGGAAGCAGTGGTATCAA
CGCAGAGT*A*C) (Macosko et al., 2015). After quality control analysis by Qubit 3.0
(Invitrogen) and a Bioanalyzer (Agilent), libraries were sequenced on an Illumina NextSeq 500
instrument using the 75-cycle High Output v2 Kit (Illumina). We loaded the library at 2.0 pM and
provided Custom Read1 Primer (GCCTGTCCGCGGAAGCAGTGGTATCAACGCAGAGTAC)
at 0.3 mM in position 7 of the reagent cartridge. The sequencing configuration was 20 bp
(Read1), 8 bp (Index1), and 60 bp (Read2).
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3.3.15 Data Analysis
3.3.15.1 Read mapping and quality filtering for snhmC-seq, Joint-hmC-seq, and wholegenome WG-bACE-seq
The pre-processing (read alignment, quality filtering and read deduplication) was
performed for snhmC/Joint-hmC-seq datasets of individual single cells as previously described
with minor modifications(Luo, Keown et al. 2017). Briefly, demultiplexing of inline barcodes
was first performed allowing up to 1-nt mismatch. The data quality was examined with FastQC
(http://www.bioinformatics.babraham.ac.uk/projects/fastqc/). Raw sequencing reads were
trimmed for adaptor sequences and inline barcodes using Cutadapt(Kechin, Boyarskikh et al.
2017) with the following parameters in paired-end mode: -f fastq -q 20 -u 16 -U 16 -m 30 -a
AGATCGGAAGAGCACACGTCTGAAC -A AGATCGGAAGAGCGTCGTGTAGGGA. The
trimmed R1 and R2 reads were mapped independently against the reference genome (mm10)
using Bismark(Krueger and Andrews 2011) (v0.18.2) with following parameters: --bowtie2 -D 15
-R 2 -L 20 -N 0 –score_min L,0,-0.2 (--pbat option was turned on for mapping R1 reads).
Uniquely mapped reads were filtered for minimal mapping quality (MAPQ>=10) using
samtools(Li, Handsaker et al. 2009). PCR duplicates were removed using the Picard
MarkDuplicates (http://broadinstitute.github.io/picard/). To eliminate reads from strands not
deaminated by A3A, reads with three or more consecutive non-converted cytosines in the CH
context were removed using filter_non_conversion in Bismark. Low quality snhmC/Joint-hmCseq datasets were removed using the following set of criteria. First, Mapping rate of raw
sequencing reads is set to be at least 20%; Second, we set a minimum on the number of pass filter
reads (uniquely mapped, deduplicated, MAPQ>=10) to be 100,000 per cell; Third, the 5mCG
deamination rate in spike-in lambda phage control is higher than 90%. Overall, 360 out of 768
input nuclei passed our stringent quality filtering (47%). Base calling of unmethylated and
methylated cytosines was performed by bismark_methylation_extractor in Bismark in each
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individual nucleus. 5hmC signals were calculated as % of C/(C+T) at each cytosine base.
Sequencing reads for WG-bACE-seq were pre-processed as previously reported(Schutsky,
DeNizio et al. 2018).

3.3.15.2 Clustering analysis of single cell snhmC/Joint-hmC-seq
CG (5mCG+5hmCG) methylation data were grouped into non-overlapping 100-kb bins
across the whole genome of each nucleus. For each 100-kb bin, the 5mCG level was computed by
dividing the sum of methylated base calls by the sum of covered base calls. Due to the sparsity of
the single-cell data, we adapted a previously reported imputation strategy(Luo, Keown et al.
2017) for our Joint-mC-seq datasets. We imputed the methylation rate of a gene with coverage in
90% or more of the nucleus, replacing low-coverage value (<20 CG sites calls) with the average
methylation across all nuclei for that gene. In the end, 8,649 bins of 552 nuclei were computed for
the 100-kb bin's CG methylation rate. After imputation, Seurat 3 (v3.2.3)(Stuart, Butler et al.
2019) was used to perform the downstream clustering analysis. For normalization across different
nuclei, methylation rate for all nuclei were scaled by library size (total methylation rate),
multiplied by 10,000 and transformed to log scale using the function of NormalizeData in Seurat
with the default parameter. The top 2,000 highly variable bins were identified and were then
subjected into PCA analysis. The top 30 PCs were selected to construct a KNN graph using the
function of FindNeighors in Seurat. Clusters were identified using the function FindCluster in
Seurat. After examining the robustness of cluster classification with respect to several resolution
and experimental parameters (cellular identity by FANS), we conservatively chose the resolution
parameter of 2 to identify neuronal and non-neuronal cell clusters. For visualization, we
performed dimensionality reduction using uniform manifold approximation and projection
(UMAP), projecting all nuclei to two-dimensional space using the function runUMAP in Seurat.

73

To further explore the subtypes of neurons, CH (5mCH+5hmCH) methylation data were
grouped into non-overlapping 100-kb bins across the whole genome of 429 neuronal nuclei. We
imputed the methylation rate of a bin with coverage in 99.5% or more nuclei, replacing lowcoverage values (<100 CpH sites) with the average methylation across all 429 neuronal cells for
that bin. By doing this, 20,279 bins of 429 neuronal nuclei were computed for the 100-kb bin's
CH methylation rate. After imputation, the function NormalizeData in Seurat was performed. The
top 2000 highly variable bins were identified and were then subjected to PCA analysis. The top
30 PCs were selected to construct a KNN graph using the function FindNeighors in Seurat.
Clusters were identified using the function FindCluster in Seurat using a “resolution” parameter
of 1.2. After examining the gene body CH methylation, we are able to annotate neuronal
subtypes.

3.3.15.3 Integration analysis of neuronal cell types using CH methylation between JointhmC-seq and snmC-seq datasets
To further evaluate neuronal cell type classification by CH methylation
(5mCH+5hmCH), we performed an integrated analysis of data of our Joint-hmC-seq datasets
with snmC-seq datasets (Luo, Keown et al. 2017). The function of FindTransferAnchors in Seurat
3 (v3.2.3) was used to identify the anchors by setting the snmC-seq dataset as a reference with the
reduction parameter “cca”. After finding anchors, we used the TransferData function in Seurat to
classify the nuclei in our datasets based on the snmC-seq data and prediction scores (range from
0-1) were obtained for each nucleus in our datasets. High prediction score indicates highconfidence predictions. For co-embed visualization, we merged these 2 datasets into a combined
Seurat object. PCA analysis was performed on the combined Seurat object. The first 30 PCs were
selected and used for two-dimensional reduction by UMAP in a neuronal subtype specific
manner.
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For visualization, the cellular identity from snmC-seq annotation or from Joint-hmC-seq
experiment was projected to the same UMAP.

3.3.15.4 Clustering and integration of single-nucleus RNA-seq (snRNA-seq)
FANS isolated NeuN+ and NeuN- nuclei were subjected to sNucDrop-seq for
characterizing single-nucleus transcriptomes. The computational data analysis of sNucDrop-seq
was performed as previously described with minor modifications (Hu, Fabyanic et al. 2017).
Briefly, after obtaining the digital expression matrices, emptyDrops function in R package
DropletUtils (v1.2.2)(Lun, Riesenfeld et al. 2019) was used to filter out the empty droplets. We
used Scrublet (v0.2.1) (Wolock, Lopez et al. 2019) with the expected_doublet_rate parameter of
0.05 to identify the doublets which were removed. After QC steps with the parameters
(nFeature_RNA > 500 & nFeature_RNA <= 3000 & percent.mt < 5) in Seurat (v3.2.3), 17,431
features across 6,918 nuclei were retained (Fig. S3-4B). Top 2,000 highly variable genes were
identified. The expression level of highly variable genes was scaled and centered for each gene
and was subjected to PCA. The top 30 PCs were selected and used for UMAP reduction in Seurat
with the default parameters. Clusters were identified using the function FindClustes in Seurat
with the resolution parameter set to 1. The marker genes were identified using FindAllMarkers in
Seurat with the default parameters. The top-ranking markers of each cluster were used to annotate
the clusters.
Since gene body CH/CG methylation is inversely correlated with gene expression in
mouse neuronal cells(Luo, Keown et al. 2017). We reasoned that depletion of genic CH/CG
methylation would allow us to perform joint analysis between snmC-seq and sNucDrop-seq. For
snmC-seq datasets, we computed the gene activity score (GAS):

GAS = log(1/(met_rate + 0.01))
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where met_rate represents the gene body CH/G methylation level.

After computing GAS for every gene across all single nuclei, we added GAS as a new
assay in the Seurat object. After internal normalization and scaling steps, the function of
FindTransferAnchors was used to identify the anchors between GAS and snRNA-seq by setting
snRNA-seq dataset as a reference with the reduction parameter of “cca”. We imputed RNA
expression into the snmC-seq nuclei based on computed anchors, then merged these 2 datasets
into a combined Seurat object to perform co-embedding analysis in Seurat. PCA analysis was
performed on the combined Seurat object. The first 30 PCs were selected and used for twodimension reduction by UMAP. For visualization, the cellular identity from sNucDrop-seq
annotation or from Joint-hmC-seq experiment was projected to the same UMAP.

3.3.15.5 Genome browser visualization
We used Integrative Genomics Viewer (IGV, v2.3.91) to visualize WG-bACE-seq
signals using mm10 Refseq transcript annotation as reference (upper panel in Fig. 3-1F and Fig.
S3-3D). For Fig. 3-1F, 5hmCG signals (both strands combined) are indicated by upward ticks,
with the height of each tick representing the fraction of modification at the site ranging from 050%.

3.3.15.6 Statistical analysis
Statistical analyses were performed using R. Statistical details for each experiment are
also provided in the figure legends. No statistical methods were used to predetermine sample size
for any experiments. All group results are expressed as mean +/- standard deviation unless
otherwise stated. Specific p-values used for calling modified cytosine bases are explicitly stated
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in the text and figure legends. Each figure legend explicitly states the number of independent
experiments.

3.3.15.7 Data visualization
All plots were generated using the ggplot2 (v3.3.0), cowplot (v1.0.0) and pheatmap
(v1.0.12) packages in R (v3.5.1). In the box plots, the boxes display the median (center line) and
interquartile range (from the 25th to 75th percentile), the whiskers represent 1.5 times the
interquartile range and the circles represent outliers. In the violin plots, the gray line on each side
is a kernel density estimation to show the distribution shape of the data; wider sections of the plot
represent a higher probability, while the thinner sections represent a lower probability.

3.3.15.8 Data availability
All sequencing data associated with this study will be available on the NCBI Gene
Expression Omnibus (GEO) database upon publication.

3.3.15.9 Code availability
The analysis source code underlying the final version of the paper will be available on
GitHub repository (https://github.com/wulabupenn/snhmC/joint-hmC-seq) upon publication.

3.4

Results

3.4.1

Development and validation of snhmC-seq for single-cell 5hmC sequencing
To quantitatively profile 5hmC at base-resolution, we recently developed APOBEC-

coupled epigenetic sequencing (ACE-seq) (Schutsky, DeNizio et al. 2018), which repurposes one
member of the AID/APOBEC family of DNA deaminases, apolipoprotein B mRNA editing
enzyme catalytic subunit 3A (APOBEC3A or A3A), for robust enzymatic deamination of
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unmodified C and 5mC, but not 5hmC enzymatically protected via glucosylation (Fig. 3-1A). In
ACE-seq, DNA fragmentation, in vitro 5hmC glucosylation, denaturation of DNA into a singlestranded DNA (ssDNA) substrate and multiple rounds of DNA purification are required to be
performed in separate steps (Left in Fig. S3-1), therefore presenting challenges for genome-wide
sequencing analysis of 5hmC in single cells. As our prior work has suggested that A3A
discriminates against cytosines with bulky 5-position substitutes (Nabel, Jia et al. 2012, Schutsky,
Nabel et al. 2017), bisulfite treatment could achieve chemical protection of 5hmC through
formation of cytosine-5-methylenesulfonate (CMS) (Huang, Pastor et al. 2010, Caldwell, Liu et
al. 2021). As bisulfite conversion also simultaneously fragments and denatures DNA (right in Fig.
S3-1), we posit that this chemical reaction can provide a streamlined single-tube workflow to
generate an A3A-preferred single-stranded substrate. A3A-deaminated ssDNA could then be
efficiently captured by random priming (Smallwood, Lee et al. 2014) and/or post-deamination
adaptor tagging (Luo, Keown et al. 2017) for low-input bulk or single-cell sequencing analysis of
5hmC at genome scale. Moreover, bisulfite conversion would deaminate two rare oxidized forms
of 5mC, 5-formylcytosine (5fC) and 5-carboxycytosine (5caC) (Wu, Wu et al. 2014), thus further
increasing the accuracy of 5hmC profiling (right in Fig. S3-1).
To validate this chemical/enzymatic hybrid variant of ACE-seq (termed bACE-seq) in
genome-scale base-resolution analysis of 5hmC, we first characterized genomic DNA (gDNA) of
a mutant T4 phage (~169 kb; all cytosine bases are in 5hmC state) and in vitro methylated lambda
phage (~48.5 kb; enzymatically methylated at CG sites but unmethylated at CH sites) (Schutsky,
DeNizio et al. 2018). The pooled dual phage gDNA spike-ins contain known and homogenous
modifications in all sequence contexts, thus providing an ideal model system for benchmarking
whole genome bACE-seq (WG-bACE-seq) in unbiased base-resolution analysis. To generate
whole-genome single-nucleotide resolution profiles of 5hmC, we deployed a random priming and
post-deamination adaptor tagging approach to efficiently capture bisulfite/A3A-treated ssDNA
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(Fig. 3-1C). Analysis of mutant T4 phage DNA showed that chemical conversion of 5hmC to
CMS in WG-bACE-seq (5hmC in CG/CHG/CHH contexts: 98.8%/98.7%/98.8%, respectively)
exhibited comparable protection from A3A deamination as compared to enzymatic 5hmC
glucosylation in standard ACE-seq (CG/CHG/CHH contexts: 98.4%/98.5%/98.6%, respectively)
(Fig. 3-1B). In analyzing methylated lambda phage gDNA, we observed robust 5mC deamination
for both standard (non-conversion rate: 0.3%) and bisulfite (non-conversion rate: 0.4%) ACE-seq
protocols (Fig. 3-1B), whereas the BS-seq control illustrates minimal conversion as expected
(non-conversion rate: 98.0%). To rigorously measure the false positive rate of genome-wide
5hmC detection in standard and WG-bACE-seq conditions, we analyzed hypermethylated gDNA
from Tet1-3 triple knockout (Tet TKO) mouse embryonic stem cells (mESCs) (Qiu, Hu et al.
2020). We observed a very low false-positive-rate (0.2%) in the WG-bACE-seq workflow,
comparable to that of ACE-seq (0.3%) (right in Fig. S3-2A). Thus, these results show that WGbACE-seq can profile 5hmC at base-resolution with high accuracy.
While separate DNA shearing and heat denaturing steps are required by standard ACEseq, we reasoned that simultaneous fragmentation and denaturation of gDNA during the initial
bisulfite chemical reaction would render these sample processing steps optional in WG-bACEseq. Thus, a small number of nuclei isolated from cryo-preserved primary tissues could be
directly analyzed using WG-bACE-seq, expanding the utility of this approach for analyzing
postmortem human tissue or limited clinical samples. To test this, we analyzed whole-genome
5hmC profiles in adult neuronal nuclei that are known to be enriched for 5hmC (Schutsky,
DeNizio et al. 2018) (left in Fig. S3-2A). First, whole-genome 5hmC profiles from bisulfite and
standard ACE-seq were strongly correlated (Pearson’s r=0.93 in Fig. S3-2B). Second, compared
to standard ACE-seq analysis of wild-type (WT) neuronal and Tet TKO mESC gDNA (Fig. S32B), low-input WG-bACE-seq generated highly concordant and specific whole-genome 5hmC
profiles across a wide range of input levels (100 versus 10,000 nuclei), and inclusion of a
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separate, post-bisulfite conversion heat denaturing step was dispensable (Fig. S3-2A and S3-2C).
Third, analysis of internal dual phage spike-in gDNA (mutant T4 and methylated lambda phage
genomes) further confirmed robust 5hmC discrimination in these experimental conditions (Fig.
S3-2D). Finally, we performed integrated DNA methylome and hydroxymethylome analyses of
excitatory neuronal gDNA using low-input BS-seq (mapping 5mC+5hmC) and WG-bACE-seq
protocols (Fig. S3-3A-B). Paired analysis of the same pool of bisulfite converted gDNA enabled
highly reproducible profiling of 5mC and 5hmC across neuronal genomes (Fig. S3-3C) and
uncovered single-base resolution patterns of true 5mC after subtracting WG-bACE-seq signals
from BS-seq signals (Fig. S3-3D). Collectively, these whole-genome DNA (hydroxy)methylome
analyses demonstrate that WG-bACE-seq, which integrates a bisulfite chemical reaction with
A3A enzymatic deamination of 5mC, can quantitatively profile 5hmC at base-resolution across
the complex mammalian genome in low input gDNA or a small number of nuclei isolated from
cryo-preserved primary tissues.
To harness the robust performance of WG-bACE-seq to achieve quantitative and
unbiased 5hmC profiling in single cells, we adopted the workflow of single-nucleus
methylcytosine sequencing (snmC-seq(2)) (Luo, Keown et al. 2017, Luo, Rivkin et al. 2018),
which enables scalable generation of high quality single-cell DNA methylomes (mapping
5mC+5hmC) and has been deployed in several large-scale single-cell epigenomic profiling
projects (Luo, Keown et al. 2017, Liu, Zhou et al. 2021). In this single-nucleus
hydroxymethylcytosine sequencing (snhmC-seq) strategy (Fig. 3-1C), single cells or nuclei are
first sorted into 96-well plates for a one-pot bisulfite conversion reaction (gDNA
fragmentation/denaturation, chemical deamination of cytosine to uracil (U) and 5hmC protection
via CMS formation) and 5mC is then enzymatically deaminated to thymine (T) by A3A. Next,
the first level of sample indexing (via inline barcodes) is added by performing random primer
extension of bisulfite- and A3A-treated ssDNA fragments (Fig. 3-1C). After pooling of pre80

indexed samples (up to 8 in this study) and adaptor ligation, the second level of dual-indexed
barcodes is incorporated through PCR amplification. Finally, the amplified and indexed samples
are pooled and subjected to high throughput pair-end sequencing (Fig. 3-1C). We note that the
scalability of snhmC-seq is tunable by the number of inline (random priming), dual indexing
(PCR amplification) barcodes and the use of a liquid handler (Luo, Rivkin et al. 2018).
To evaluate the ability of snhmC-seq to detect cell-type-specific 5hmC profiles, single
nuclei labeled with a NeuN antibody (NeuN+: neuronal nuclei; NeuN-: non-neuronal nuclei) were
isolated by fluorescence-activated nuclear sorting (FANS) from the mouse cortex (Fig. S3-4A).
The specificity of the NeuN antibody in FANS (99.7%) was independently verified using singlenucleus RNA-seq (sNucDrop-seq (Hu, Fabyanic et al. 2017)) analysis of NeuN+ and NeuNnuclei (Fig. S3-4B). From three biologically independent samples (brains 1-3), we generated
genome-wide 5hmC profiles in 360 single cells (Fig. S3-5A) out of 768 input nuclei (i.e., 46.9%
pass QC rate, see Methods for details). We also observed a mean alignment rate of 46 ± 9% for
our snhmC-seq assay, which is comparable to that of snmC-seq (50 ± 7%) (Luo, Keown et al.
2017) (Fig. S3-5B). Furthermore, there was no strong bias in mapping rate across random primers
with distinct inline barcodes (Fig. S3-5C). At a mean sequencing depth of ~1.36 million uniquely
aligned reads per cell (on average 515,779 high-quality reads retained per cell after removing low
quality and PCR duplicated reads), snhmC-seq achieved a mean coverage of 474,072 CG and
11,280,623 CH sites per cell. As a result, the coverage of mappable CG sites ranges from 0.43%
to 7.1% (mean 2.4 ± 1.2%). We note that increased sequencing effort is likely to augment
genomic coverage, as libraries were not near saturation (Fig. S3-5D). We next summarized mean
cytosine modification levels for each cell. Compared to snmC-seq analysis (CG: 74.5%, CH:
2.5% in NeuN+ nuclei), which reveals the sum of both 5mC and 5hmC levels, snhmC-seq
specifically uncovered the 5hmC level in NeuN+ nuclei (Fig. S3-5E). The average 5hmCG and
5hmCH levels in NeuN+ cells (CG: 26.8%, CH: 0.39%) are markedly higher than those in NeuN81

cells (CG: 10.8%, CH: 0.23%) (Fig. 3-1D), in line with a previously reported bulk 5hmC analysis
in the human cortex (Kozlenkov, Li et al. 2018). Finally, the aggregated 5hmCG profiles of single
nuclei (129 NeuN+ nuclei from brains 1 and 2) correlated strongly with that of bulk assay
analysis of 10,000 NeuN+ nuclei (Pearson’s r=0.95 in Fig. 3-1E). At the single-cell level, the
neuronal 5hmCG profiles determined by snhmC-seq (heatmap in Fig. 3-1F) tracked closely with
that of the bulk dataset (genome browser view in Fig. 3-1F). Thus, snhmC-seq permitted
quantitative and genome-wide profiling of 5hmC in single cells.
To integrate single-cell 5hmC profiling datasets from snhmC-seq with publicly available
single-cell DNA methylome datasets, we first explored the relationship between 5hmC (WGbACE-seq) and 5mC+5hmC (BS-seq) across the genome in the paired bulk assays (Fig. S3-3AB). Interestingly, we observed a strong positive correlation between 5hmCH and 5mCH+5hmCH
(Pearson’s r=0.90, middle in Fig. S3-3E), whereas 5hmCG was weakly anti-correlated with
5mCG+5hmCG (Pearson’s r=-0.16, left in Fig. S3-3E). In concordance with previous reports
using orthogonal bulk 5hmC profiling assays (Kozlenkov, Li et al. 2018, Schutsky, DeNizio et al.
2018), 5hmCH levels (range: ~0.2-0.6%) are substantially lower than 5mCH levels (range: ~0.33.5%) in neurons (Fig. S3-3E), but neuronal 5hmCH signals are highly specific when compared
to a constant baseline signal of ~0.2% detected in Tet TKO mESCs (right in Fig. S3-3E).
We next jointly analyzed gene body 5hmCH (snhmC-seq) and CH methylation
(5mCH+5hmCH in snmC-seq) (Luo, Keown et al. 2017) for computational integration of the two
datasets (see Methods). Using prospectively isolated Ex and Inh neurons (from brain 3) as ground
truth controls, we observed that 94.7% Ex (54 out of 57 Ex nuclei defined by FANS) and 84.3%
Inh (59 out of 70 Inh nuclei defined by FANS) neurons were correctly assigned to neuronal
subtypes previously annotated by snmC-seq analysis of the adult mouse cortex. The overall
concordance of Ex and Inh neuronal subtype assignment between snhmC-seq and snmC-seq
datasets is ~85% (152/180 Ex nuclei in snhmC-seq, 70/82 Inh nuclei in snhmC-seq) (Fig. S3-10).
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3.4.2

Development and validation of snhmC-seq2 and Joint-hmC-seq for joint profiling of

5hmC and true 5mC at the single-cell level
While the A3A enzyme is highly efficient (only ~0.4% failure rate) in deaminating 5mC
in low-input WG-bACE-seq experiments (Fig. 3-1B), the 5mCG deamination rate in the CpGmethylated lambda phage genome in snhmC-seq is highly variable among 618 high-quality
sequenced nuclei, resulting in, on average, a failure rate of 18.4% (Fig. 3-2B) and low pass filter
rate (58.1% in 618 nuclei). Further analysis of methylated lambda spike-in in initial snhmC-seq
experiments revealed that A3A fails to deaminate 5mC to T much more frequently at A3Adisfavored sequence contexts (GpC or ApC: 25.2% failure rate) than an A3A-favored context
(TpC or CpC: 5.6% failure rate). To combat this inefficiency, we explored two complementary
approaches, 1) we tested an engineered form of A3A (denoted as A3A*) that has been proposed
to be associated with reduced preference for particular sequence context to exhibit high
deamination activity (Vaisvila, Ponnaluri et al. 2021) (Fig. S3-6A), and 2) we further optimized
the reaction buffer conditions. Under optimal reaction conditions and enzyme concentration, the
engineered A3A* can markedly improve the deamination rate (500 nM and 1000 nM in Fig. S36B). Interestingly, the updated reaction conditions (distinct buffer and extended incubation time)
can also substantially improve the performance of in-house wild-type A3A (Fig. S3-6B),
suggesting that the major performance gain is related to improved buffer and reaction conditions.
Using the improved workflow conditions (snhmC-seq2 in Fig. 3-2A), the overall deamination
failure rate decreased to 1.7% in the methylated Lambda spike-in, representing a >10-fold
improvement over initial snhmC-seq (18.4% for snhmC-seq versus 1.7% for snhmC-seq2 in Fig.
3-2B).
In snhmC-seq, we observed a mean mapping rate of 46 ± 9%, which is significantly
lower than that of improved snmC-seq2 (65 ± 3%) (Luo, Rivkin et al. 2018). To further improve
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the performance of snhmC-seq, we performed additional optimization experiments. First, we
reasoned that A3A deamination reaction may have decreased the performance of the standard
Klenow 3’->5’ exo- (denoted as Klenow)-based random priming step by introducing amplification
inhibitors or lowering sequencing complexity. To this end, we leveraged Bst 3.0 DNA
polymerase (denoted as Bst3 thereafter), an engineered form of Bacillus Stearothermophilus
DNA Polymerase I, Large Fragment that is fused to a novel nucleic acid binding domain for
enhanced isothermal amplification performance even in high concentrations of inhibitors. In
addition, Bst3 possesses higher fidelity (error rate (x10-6): 70 for Bst3 versus 100 for Klenow)
and is active at a higher reaction temperature (65°C for Bst3 versus 37°C for Klenow), which we
theorized also might help to improve the random priming reaction. Compared to Klenow-based
snhmC-seq (46.3% mapping rate), Bst3-based snhmC-seq2 improved the alignment rate to 57.9%
(Bst3 alone) or 65.6% (Bst3 and removal of any small fragment contamination in final library)
(Fig. S3-7A). At matching sequencing depth, snhmC-seq2 also outperforms snhmC-seq in terms
of covered CpG sites (Fig. S3-7B).
The substantial performance improvements in snhmC-seq2 allow us to explore the
possibility to jointly profile both 5hmC and 5mC from the same cell (Fig. 3-2A). In this joint
(hydroxy)methylcytosine sequencing workflow (Joint-hmC-seq), bisulfite-converted ssDNA
molecules from an individual cell will be randomly distributed into two concurrently performed
workflows (denoted as snhmC-seq2/split for mapping 5hmC and snmC-seq2/split for mapping
5mC+5hmC). Parallel analysis of 576 nuclei (192 NeuN+, 96 NeuN-, 192 Inh (NeuN+/Neurod6), 96 Ex (NeuN+/Neurod6+) nuclei) by Joint-hmC-seq revealed high pass QC rate for both Bst3based snmC-seq2/split (95.8%, 552 out of 576) and snhmC-seq2 (98.4%, 567 out of 576)
workflows. Overall, 545 nuclei (NeuN+: 175/192, NeuN-: 94/96, Ex: 94/96, Inh: 182/192) passed
filter for both snmC-seq2/split and snhmC-seq2/split assays (94.6%). In addition, snmC-seq2/split
and snhmC-seq2/split assays showed highly comparable performance across random primers with
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distinct inline barcodes (Fig. 3-2C and S3-7C). At a mean sequencing depth of 3.39/3.63 (snmCseq2/snhmC-seq2) million uniquely aligned reads per cell, Joint-hmC-seq achieved a mean
coverage of 1,337,485/909,578 CG and 30,538,666/20,829,271 CH sites per cell. As expected,
the library complexity of snhmC-seq2/split (encompassing half of a cell) is approximately 50% of
that of non-split snhmC-seq2 (whole cell) (Fig. S3-7D).
To evaluate whether single-cell 5hmC profiles can be used for cell-type discrimination,
we calculated the 5hmCG level for each cell in nonoverlapping 100-kb bins across the genome,
followed by dimensionality reduction and visualization using the uniform manifold
approximation and project (UMAP). To test whether single cell 5hmC profiling can distinguish
neuronal subtypes (Ex: excitatory neurons versus Inh: inhibitory neurons), we isolated Ex
(NeuN+/Neurod6+) and Inh (NeuN+/Neurod6-) nuclei using FANS from a Neurod6/NEX-Cre
driven transgenic reporter mouse line (Johnson, Zhao et al. 2017) (Fig. S3-4A). Unbiased
clustering analysis of NeuN+ nuclei (Fig. 3-2D; brain1 and 2 in Fig. S3-5A) revealed two major
cell clusters corresponding to Ex (snhmC-seq: 84.4%; snhmC-seq2/split: 83.9%) and Inh
(snhmC-seq: 15.6%; snhmC-seq2/split: 16.1%) neurons (Fig. 3-2E), which are comparable to the
relative composition of Ex (83.2%) and Inh (16.8%) neurons that were prospectively determined
by FANS (Fig. 3-2E). Using neuronal subtype assignment by FANS as the ground truth, the
accuracy of snhmC-seq-based clustering was determined to be 96.7% for snhmC-seq (348 out of
360 nuclei in Fig. 3-2D, left and Fig. S3-5A) and 98.6% for snhmC-seq2/split in the Joint-hmCseq assay (557 out of 565 nuclei in Fig. 3-2D, right). Notably, the single cell 5hmC profile-based
clustering was not strongly associated with various experimental and analysis parameters (Fig.
S3-8A), indicating the robustness of the clustering analysis. Finally, simultaneous profiling of
5hmC and 5mC by Joint-hmC-seq allow us to quantitatively measure the true level of 5hmC or
5mC in both CpG and CpH (H=C, T and A) contexts at the single-cell level across different cell
populations (Fig. 3-2F). Taken together, these data illustrate that Joint-hmC-seq is high
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performing and can generate the first paired, single-cell-resolution profiles of 5hmC and true
5mC.

3.4.3

Joint-hmC-seq resolves neuronal sub-types in the mouse brain
Recent single-cell DNA methylome (snmC-seq) analysis of the mouse cortex

demonstrated that gene body CH methylation (average 5mCH+5hmCH across the annotated
genic region) is inversely correlated with gene expression (Luo, Keown et al. 2017), and identity
of neuronal subtypes can be accurately annotated on the basis of depletion of genic CH
methylation at known cortical neuronal subtype markers (Luo, Keown et al. 2017). This
relationship could also be leveraged for computationally integrating single-cell DNA methylome
data with single-cell/nucleus RNA sequencing data (Welch, Kozareva et al. 2019). With CG and
CH methylation signals from Joint-hmC-seq (snmC-seq2/split modality), we next sought to
discern neuronal and non-neuronal cell-types present in the mouse cortex, which could not be
clearly identified using 5hmCG signals in Joint-hmC-seq, alone (snhmC-seq2/split modality in
Fig. 3-2D). Using paired Joint-hmC-seq datasets from 545 nuclei as input, we first used CG
methylation signals to identify three major non-neuronal cell-types (astrocytes/Astro: 28 nuclei,
oligodendrocytes/Oligo: 48 nuclei and microglia/MG: 18 nuclei). Next, we performed sub-type
clustering analysis of 451 neuronal nuclei using CH methylation signals in Joint-hmC-seq and
revealed 5 sub-types of Ex (L2/3: 87 nuclei, L4: 44 nuclei, L4/5: 36 nuclei, L6 41 nuclei, DL: 27
nuclei) and 5 sub-types of Inh (Pv: 61 nuclei, Sst: 60 nuclei, Vip/Ndnf: 35 nuclei, striatum/Str: 27
nuclei, In: 33 nuclei) neurons (Fig. 3-3A and Fig. S3-8B). Compared to relative composition of
Ex (83.2%) neurons that were prospectively determined by FANS, clustering analysis of NeuN+
nuclei using CH methylation signals (Fig. 3-3A) was highly concordant (5mCH/hmCH in snmCseq2/split: 81.9%; 5hmCG in snhmC-seq2/split: 83.9%), demonstrating the validity of our
approach for neuronal subtype clustering. As expected, gene body CH methylation for Ex- or Inh86

neuronal-specific marker genes (Ex: Arpp21; Inh: Slc6a1) is substantially lower in expressing
neuronal sub-types (Fig. 3-3B).
Notably, even with the modest cell number generated by this Joint-hmC-seq experiment,
the quality improvement in Joint-hmC-seq allows us to identify sub-types of Ex and Inh neurons
previously difficult to distinguish in larger single-cell epigenomic datasets. With only 235 Ex
nuclei, Joint-hmC-seq can readily distinguish closely related layer-specific Ex sub-types and
quantitatively measure gene-body CH methylation levels for sub-type specific marker genes
(Cux2: upper layer L2/3 and L4; Tle4: deeper layer L6) (Fig. 3-3B). From 189 cortical Inh
neurons, we were able to discern caudal and medial ganglionic eminence (Adarb2+ CGE and
Lhx6+ MGE, respectively) inhibitory neurons by sub-type specific marker genes (Fig. 3-3B).
To further assess the performance of the snmC-seq2/split modality in Joint-hmC-seq, we
performed integration analysis between our cortical neuronal DNA methylome datasets (424
nuclei, after removing 27 Str nuclei) with previously published 3,377 single-cell DNA methylome
profiles (Fig. 3-3C) or 5,994 single-nucleus RNA sequencing profiles (Fig. 3-3D) of the same
tissue. We observed that our Joint-hmC-seq datasets readily integrate across multiple modalities
(DNA methylation and gene expression) and maintain cell type discrimination between clusters,
suggesting that there is no systematic bias that may affect biological interpretation by analyzing
only ~50% of the molecules in a single nucleus.

3.4.4

True 5mCG profiles in Joint-hmC-seq improves multi-modal data integration
With the ability to resolve the epigenetic base ambiguity between 5mC and 5hmC in

distinct sequence contexts (CpG and CpH) and across cell-types (Fig. S3-9), we next sought to
assess the impact of true 5mC signals on cross-modality data integration. In particular, CH
methylation (5mCH + 5hmCH) is of low abundance in non-neuronal cell-types (Astro, Oligo and
MG in Fig. S3-9B), presenting a challenge to accurately integrate Joint-hmC-seq profiles with
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single-cell gene expression profiles (Fig. 3-4). Similarly, gene-body CG methylation (5mCG +
5hmCG) also misassign microglial DNA methylome profiles (Fig. 3-4). Surprisingly, single-cell
profiles of gene-body true 5mCG can be readily integrated with single-cell gene expression
profiles across all major neuronal and non-neuronal cell-types (Fig. 3-4), highlighting the
advantage of utilizing true 5mCG signals for cross-modal data integration.

3.5

Discussion
In summary, our work demonstrates that Joint-hmC-seq is a powerful approach to

quantitatively measure 5hmC and true 5mC across genomes of single cells from heterogenous
primary tissues and to reveal distinct gene regulatory functions of these modifications in specific
sequence contexts. Given its robust performance and relative simplicity, Joint-hmC-seq has the
potential to become the method of choice for high-throughput 5hmC and true 5mC dual profiling
in single cells. Notably, other single-cell BS-seq protocols that leverage either a post-bisulfite
adaptor tagging strategy (scBS-seq) (Smallwood, Lee et al. 2014) or C-depleted adaptors (sciMET) (Mulqueen, Pokholok et al. 2018) can also be readily modified to leverage WG-bACE-seq
chemistry for profiling 5hmC in single cells. We envision that Joint-hmC-seq will be utilized to
systematically determine the cell-type specific genomic patterns of 5hmC and true 5mC and
reveal gene regulatory roles of these epigenetic modifications across diverse cell types and states
present in normal development and human diseases.
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3.7

Supplemental Notes

Supplementary Note 1: The sequence of the gBlock Gene Fragment for human APOBEC3A
(A3A) cloning.
The codon optimized A3A coding sequence is underlined, while the PreScission protease
cleavage sequence is in red. The Gly6-linker coding sequence is in lower case.

GAGCTGGAAGTGCTGTTCCAGGGGCCGAATATGGAGGCGTCGCCTGCATCGGGGCCT
CGTCATCTTATGGACCCTCATATCTTTACAAGCAATTTTAACAATGGAATCGGCCGTC
ACAAAACGTACCTTTGCTATGAAGTTGAACGTCTGGATAACGGGACATCCGTAAAAA
TGGATCAGCATCGCGGCTTCCTGCATAATCAGGCCAAAAACTTGTTATGCGGTTTTTA
TGGGCGCCATGCAGAGTTACGTTTCTTAGATCTGGTACCCTCTCTTCAGTTAGATCCG
GCACAGATTTACCGCGTTACTTGGTTCATTAGCTGGAGTCCTTGTTTTTCCTGGGGGT
GCGCTGGCGAGGTCCGTGCATTTTTGCAAGAAAACACCCATGTGCGTCTTCGTATTTT
TGCCGCCCGTATTTATGATTACGACCCTCTGTATAAGGAAGCCCTGCAGATGTTACGC
GACGCAGGCGCTCAAGTGTCGATTATGACGTACGACGAGTTCAAGCATTGTTGGGAT
ACGTTTGTTGACCACCAGGGTTGTCCCTTCCAGCCGTGGGACGGTTTAGACGAACAT
TCGCAGGCCCTGAGCGGTCGTTTACGTGCCATTCTGCAGAACCAGGGGAATGGATCC
CTGGAAGTTCTGTTCCAGGGGCCCGGAACTCGAggaggaggaggaggagggCTCGAGCACCA
CCACCACCACCACTGAGATCCGGCTGCTAACAAAGC
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Supplementary Note 2: PreScission protease-based production of in-house APOBEC3A

Wild-type human APOBEC3A (A3A) was expressed in an E. coli strain (NEB, C3013). The
PreScission protease cleavage strategy allows us to produce untagged A3A enzymes with high
purity in two days, which was a more streamlined purification workflow because it minimizes
time and increases purity of the final enzyme product. This purified A3A enzyme shows robust
activity in low-input WG-bACE-seq reactions and is stable for at least one year at -80°C. The
detailed protocol for the expression and purification of A3A is outlined below.

Reagents:
• T7 Express lysY/Iq Competent E. coli cells (NEB, C3013)
• IPTG (Sigma-Aldrich, I5502-5G)
• UltraPure™ 1 M Tris-HCI Buffer, pH 7.5 (Invitrogen, 15567027)
• NaCl (Sigma-Aldrich, S2014-1KG)
• Glycerol (Sigma-Aldrich, G5516-500ML)
• DTT (dithiothreitol) (Thermo Scientific, R0862)
• Pierce™ 20X TBST buffer (Thermo Scientific, 28360)
• cOmplete™, EDTA-free Protease Inhibitor Cocktail (Roche, 11873580001)
• Imidazole (Sigma-Aldrich, I5513-25G)
• Poly-Prep® Chromatography Columns (BioRad, 7311550)
• Profinity™ IMAC Resin, Ni-charged (BioRad, 1560133)
• IGEPAL CA-630 (Sigma-Aldrich, I8896-50ML)
• PreScission protease (Cytiva/GE healthcare, #27084301)
• Glutathione Sepharose® 4B (Cytiva/GE healthcare, #17075601)
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• Amicon Ultra-4 Centrifugal Filter Unit (Millipore, UFC801024)

A3A expression:
Transform the pET-His6-MBP-A3A plasmid into T7 Express lysY/Iq Competent E. coli cells for
protein expression.
Small-scale culture
Add 400uL overnight bacterial culture into 8 mL fresh LB medium (Kan+).
Culture at 37°C with shaking (250 rpm) for ~3 hours. [OD600 ~ 0.4]
Large-scale culture and IPTG-induction:
Add 2X8 mL small-scale culture to 800 mL LB medium (Kan+).
Culture at 37°C with shaking for ~3.5 hours. [OD600~0.7]
Cool down the culture with ice-water bath.
Add 160uL IPTG stock (0.5 M stock, final concentration is 0.1 mM) to 800 mL culture, then
continue culture at 16°C for 16 hours (150 rpm). Note: You may culture as long as 18 hours at
16°C.
Collect the cells by spinning-down (4000 rpm, 15 min at 4°C).
Resuspend the pellet with 3mL His-binding/wash buffer with protease-inhibitor (see below for
buffer preparation), then store the sample at -80°C up to one week.

A3A purification:
Buffer preparation
Note: Prepare the buffers in advance and pre-cool to 4°C.
His-binding/wash buffer: 50 mM Tris-HCl (pH 7.5), 150 mM NaCl (8.7 g/L), 10% Glycerol, 25
mM imidazole (1.7 g/L). Add protease-inhibitor (cOmplete, EDTA-free) and 0.5 mM DTT before
use. Note: Adjust the pH to 7.5 after adding imidazole.
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High-salt wash buffer: add 350 mM NaCl and 0.1% IGEPAL CA-630 to His-binding/wash
buffer.
HRV3C-cleavage buffer: 20 mM Tris-HCl (pH 7.5), 150 mM NaCl, 1 mM EDTA, 1 mM DTT,
5% Glycerol, 0.02% IGEPAL CA-630.
1X TBST: 25 mM Tris-HCl (pH 7.5), 150 mM NaCl, 0.05% Tween-20. Note: Diluted the Pierce
20XTBST buffer with water.

Day1
1. Add 9 mL His-binding/wash buffer (with Protease-inhibitor and 0.5 mM DTT) to the pellet.
2. Resuspend the pellet with a P1000 and transfer to one 50 mL centrifuge tube.
3. Lyse the cells by sonication. Parameters for sonication: Strength "4", 10s-on and 10s-off, 7
min (21 cycles). Note: You may add 0.1% IGEPAL CA-630 to the lysate after sonication, but
it's not necessary.
4. Transfer lysate to a 50 mL round-bottom centrifuge tube fitting to the rotor. The lysate was
pelleted at 12,000 rpm for 40 min at 4°C. Note: You may filter the supernatant with 40 um
filter after centrifuge.
5. During the centrifuge, wash 2 mL IMAC Ni-resin with 10 ml His-binding/wash buffer
(without protease-inhibitor and DTT). Note: It will be better to perform this step in cold room
to prevent bubbles from the wash buffer.
6. Incubate cell lysate with IMAC Ni-resin for ~1 hour at 4°C with rotation.
7. Load the lysate-resin mix to the Poly-Prep® Chromatography Column. Open the column
from both sides and let the lysate drain out of the column.
8. Wash the column with the buffers below:
5 mL His-binding/wash buffer,
15 mL High-salt wash buffer, (two round washes: 7 mL + 8 mL)
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2 mL HRV3C-cleavage buffer.
9. Make HRV3C-cleavage solution: 30 µL PreScission protease (2U/ µL) + 1.5 mL HRV3Ccleavage buffer.
10. After washing the column with HRV3C-digestion buffer, add 1.0 mL HRV3C-cleavage
solution to the column.
Keep the lid open until all the buffer drains off (Replace the buffer with cleavage solution).
Close the lid at bottom and add another 0.5 mL 3C-digestion solution to the column.
Close the lid at the top and transfer the column to 4°C (Cleavage-on-column overnight).

Day2
1. Open the column and collect the eluted protein (fraction #1).
2. Further elute the protein with 0.8X TBST buffer (0.7 mL/ fraction).
3. Wash 60 µL Glutathione Sepharose 4B resin twice with 1 mL 1x TBST buffer (to remove
the storage buffer).
4. Combine fractions #1-#3 (according to our experience) and incubate with 60 µL Glutathione
Sepharose 4B resin for 1 hour at 4°C with rotation.
5. Spin-down at 500 g for 5 min at 4°C (to remove Glutathione Sepharose 4B resin).
6. Transfer the supernatant to a new tube.
7. Detect the purified elution by running an SDS-PAGE gel (to check the quality and purity).
Concentrate the sample with an Amicon Ultra-4 Filter if necessary. Note: The molecular
weight of A3A is ~24 kD.
8. Add glycerol to a concentration of 30% and aliquot the A3A to low-bind tubes or PCR strips.
9. Snap-freeze the samples on dry-ice and store them at -80°C for up to one year.
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Supplementary Note 3: Troubleshooting adapter contamination.

We have found that it is essential to generate high quality libraries completely free of adapter
contamination, which can be challenging with extremely low-input samples. Adapter
contamination issues can vary from person to person and sample to sample, so here we will
provide some strategies to address this problem if it should arise. Prior to any sequencing, we
recommend that all libraries be run on a Bioanalyzer chip, and if adapter contamination exceeds
1:200 the total library concentration (see examples below), if sample concentration allows, repurify with a lower proportion (0.65-0.7x) of homebrew SPRI beads (because they tend to be
more size-selective than commercial beads). These libraries cannot be reamplified at this stage
prior to additional purification because two rounds of additional pooling steps have been
performed post-indexing PCR. If this is a persistent issue, one safe option is to forego pooling
after the indexing stage so that re-amplification followed by more stringent size selection is
possible. An alternative strategy involves preemptively adding cycles to the indexing PCR
program and rather than two rounds of 0.8x homebrew SPRI bead purification, two rounds of
more stringent (0.65-0.7x) size selection can be performed after the indexing stage.
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Ideal BioA trace for single cell hydroxymethylome libraries (QC high):

Examples of “QC low” libraries:
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Figure 3-1: snhmC-seq workflow and performance
(a) Schematic comparison of the workflow and sequencing readout between BS-seq, bisulfite ACE (bACE)-seq, and
ACE-seq. (b) Bar plots showing the cytosine modification levels in spike-in controls (methylated lambda and
mutant T4 phage genomes) analyzed by WG-BS-seq (red), WG-bACE-seq (dark blue) and standard WG-ACE-seq
(light blue). All methylated (5mCG) and unmodified cytosines (CHG/CHH) in the lambda phage genome should be
deaminated in standard and bisulfite ACE-seq. Conversely, 5hmC should be protected at every cytosine position in
the mutant T4 (5hmC only) phage genome for all three techniques. The mean values of multiple replicates are
shown. (c) The snhmC-seq workflow. (d) Violin plots comparing global CG or CH 5-hydroxymethylation levels
between neuronal (NeuN+, n = 256) and non-neuronal (NeuN-, n = 104) nuclei, with mean values above each plot.
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The width of the violin plot corresponds to the kernel probability density of the data at a given value, and the white
circle indicates mean value in each group. See ‘Data visualization’ in the Methods for definitions of violin plot
elements. (e) Correlation density plot between neuronal 5hmCG signals (averaged within 1-Mb bins spanning the
genome) in bulk WG-bACE-seq and aggregated snhmC-seq results. (f) 5hmCG levels across chromosome 12 from
bulk WG-bACE-seq and snhmC-seq data sets. Upper panels show genome browser tracks of the bulk neuronal
5hmC profile (from WG-bACE-seq) and aggregated single-cell 5hmC profiles in NeuN+ or NeuN- nuclei (from
snhmC-seq). The heatmaps in the bottom panel show the 5hmCG level in 1 Mb bins (column) across 262 neuronal
and 98 non-neuronal nuclei, respectively (row). The 5hmCG level is scaled by colors. Maximum level was set to
40%.
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Figure 3-2: Joint (hydroxy)methylcytosine sequencing (Joint-hmC-seq) performance and
validation
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(a) The joint-hmC-seq workflow. (b) Boxplot illustrating a comparison of lambda spike-in mCG deamination
success rate among snhmC-seq and snhmC-seq2 with snmC-seq2 serving as a negative control. Open white circles
indicate the mean value. See ‘Data visualization’ in the Methods for definitions of boxplot elements. (c) Violin plots
representing a mapping rate comparison among snhmC-seq (46.3%), snhmC-seq2 (65.6%), and snmC-seq2 (66.4%)
samples. Open white circles indicate mean value. (d) UMAP visualization comparing snhmC-seq (non-split) versus
snhmC-seq2 (split assay in joint-hmC-seq profiling) clustered mouse cortical nuclei colored by unsupervised cluster
identity (top) or FANS sorting channel (bottom). Ex: excitatory neurons; Inh: inhibitory neurons; NeuN-neg: nonneuronal cells; NeuN-pos: neuronal cells. (e) Bar plots showing the percentage of excitatory (Ex) and inhibitory
(Inh) neurons identified by FANS (top), or classification by snhmC-seq (non-split; middle), or snhmC-seq2 (split;
bottom). (f) Violin plots illustrating CG or CH modification % for excitatory (Ex) neurons, inhibitory (Inh) neurons,
neuronal (NeuN-pos) cells, and non-neuronal (NeuN-neg) cells in various sequence contexts. Open white circles
indicate mean value.
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Figure 3-3: The performance and validation of 5mC+5hmC signal from Joint-hmC-seq
(a) UMAP visualization of clustered mouse cortical neuronal and non-neuronal nuclei colored by cluster identity.
Ex: excitatory neurons; Inh: inhibitory neurons; Striatum: striatal cells; Astro: astrocytes; Oligo: oligodendrocytes;
MG: microglia. (b) Box plots showing the absolute level of 5mCG/hmCG signals within the gene body of
representative marker genes. The red diamond indicates mean value of each group. (c) UMAP visualization of
clustered mouse cortical neuronal nuclei colored by FANS sorting channel (left) or cluster identity (right). L2/3:
layer 2/3 Ex neurons; L4: layer 4 Ex neurons; L5: layer 5 Ex neurons; L6: layer 6 Ex neurons, DL: deep-layer Ex
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neurons, Vip/Ndnf: Vip/Ndnf-expressing Inh neurons; Pv: parvalbumin-expressing Inh neurons; Sst: somatostatinexpressing Inh neurons. (d) Box plots showing the scaled level of 5hmCH+5mCH signal of within the gene body of
representative markers genes. The red diamond indicates mean value of each group. (e) Integration analysis of
snmC-seq with Joint-hmC-seq using 5mCH/hmCH signals. UMAP visualization (left) of mouse cortical NeuN+
nuclei from joint analysis of snmC-seq (Luo et al.) and Joint-hmC-seq, colored by cluster assignment. Heatmap
(right) showing the median prediction scores of matched clusters between snmC-seq and Joint-hmC-seq. The
prediction score was estimated by TransferData in function in Seurat v3. (f) Integration analysis of sNucDrop-seq
(gene expression) with Joint-hmC-seq (5mCH/hmCH). UMAP visualization (left) of mouse cortical NeuN+ nuclei
from joint analysis of sNucDrop-seq and Joint-hmC-seq, colored by cluster assignment. Heatmap (right) showing
the median prediction scores of matched clusters between sNucDrop-seq and Joint-hmC-seq.
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Figure 3-4: Joint-hmC-seq accurately quantifies 5hmC and true 5mC profiles of single nuclei
across diverse cell types
(a) Integration analysis of sNucDrop-seq (RNA expression) with Joint-hmC-seq using gene-body true 5mCG (top),
5mCG+5hmCG (middle), or 5mCH+5hmCH (bottom) levels. Heatmaps showing the median prediction scores of
paired clusters between snmC-seq and Joint-hmC-seq using gene-body true 5mCG, (top), 5mCG+5hmCG (middle),
or 5mCH+5hmCH (bottom) levels. Astro: astrocytes; Ex: excitatory neurons; Inh: inhibitory neurons; MG:
microglia; Oligo: oligodendrocytes; Str: striatal neurons. (b) Heatmap visualization of cell-type specific genes
(ordered by RNA) for their gene body 5mCG, 5mCG+5hmCG, 5hmCG, and 5mCH+5hmCH across six major celltypes.
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CHAPTER 4: Future Directions and Concluding Remarks
In summary, this thesis presents two novel technologies developed with the intent to
further expand our ability to understand tissue heterogeneity and functional complexity. The
Human Cell Atlas (HCA) initiative and related large-scale efforts aim to leverage scalable and
quantitative single-cell genomics methods to address fundamental biology questions in human
health and diseases. I will focus this chapter on the immense impact and implications related to
single-nucleus transcriptomic technologies (4.1) as well as overarching insights related to the
novel strategies discussed in this thesis (4.2) and potential impactful application and insights to be
gleaned from the innovation associated with our Joint-hmC-seq technology (4.3). I will conclude
this section with remarks relating to the single-cell field, as a whole, and discuss the exciting path
that lies ahead.

4.1

Impact of single-nucleus transcriptomic technology and future outlook
In Chapter 1, I discussed our efforts related to developing and optimizing a single-

nucleus transcriptomic technology. During this time, multiple other academic groups and
commercial entities were striving to achieve the same goal. Single-nucleus transcriptomics and
epigenomics technologies have become a major workhorse in the HCA initiative, especially
because most human postmortem or surgically resected tissues arrive to laboratories in a frozen
state. Nuclei, rather than whole cells, from frozen tissues are the preferred substrate for these
technologies because they are far more resistant to damage from the freeze-thaw process. Also,
the isolation of nuclei allows for substrate-level normalization across cell types with
heterogeneous morphology, size, and function.
In Chapter 2, we discussed application of sNucDrop-seq to study cellular diversity in the
mammalian brain. Our lab further demonstrated its utility in the study of mammalian hearts (Hu,
Liu et al. 2018). The heart is also a functionally heterogeneous tissue that has not been properly
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characterized by single-cell technologies. This tissue contains cardiomyocytes, fibroblasts,
endothelial cells, epicardial cells, blood cells, and others, therefore, bulk analysis is inefficient at
assaying molecular signatures associated with development, normal physiology, or disease. In
addition, cardiomyocytes in mature, postnatal hearts tend to be large, multinucleated cells which
are incompatible with current microfluidic technologies. Thus, a single-nucleus method is wellsuited to uniquely profile the heterogeneity that exists in human hearts for the purpose of better
profiling cardiac disease and development. This study focused on the early postnatal period,
during which the heart is rapidly maturing, so single-nucleus transcriptomics approach was also
primed to discern dynamic transcriptional events, as compared to a whole-cell technique.
sNucDrop-seq was shown to be a powerful tool in illuminating a broader degree of cellular
heterogeneity than was previously thought as well as profiling subtype-specific remodeling in the
context of disease. Single-nucleus transcriptomics has the potential to reveal previously masked
cellular heterogeneity in virtually all human tissues, which is why there was massive effort to
commercialize the technology to make it more user friendly and widely applicable. Following
ours and other publications on the subject, 10x Genomics developed a commercial nucleuscompatible single-cell transcriptomic profiling platform. 10x not only makes this technology
more accessible, but also increased cell recovery, making it an ideal platform, especially for the
interrogation of rare cell subtypes.
Recently, Kun Zhang’s lab published a novel single-nucleus multi-omics technology built
on the Drop-seq platform called single-nucleus chromatin accessibility and mRNA expression
sequencing (SNARE-seq) (Chen, Lake et al. 2019). The ability to measure two modalities in the
same single nucleus was a major step forward in this field. Rather than relying on computational
integration of datasets that include individual measurements of gene expression and chromatin
accessibility, measuring both in the same cell enables direct and accurate comparison of cellspecific transcriptional regulation to gene expression outcomes. Briefly, SNARE-seq utilizes
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incubation of permeabilized nuclei with Tn5 transposase loaded with oligonucleotides that are
complementary to the oligo(dT)-bearing barcoded beads utilized in the Drop-seq workflow. The
Drop-seq workflow is run with slight modification and both successfully tagmented gDNA
fragments and nuclear mRNA molecules are captured and prepared for sequencing. The one
caveat of this technology is that the regions profiled in the final datasets must overlap in each
single cell. In practice, pseudo-bulk analysis within an identified cell type is still required (as
discussed in Chapter 1, section 1.2.4). Even so, this is a creative and innovative step forward in
the single-cell/nucleus ‘omics field. Following this publication, 10x Genomics released the first
commercial single-cell/nucleus multiome ATAC + gene expression profiling kit, again,
increasing accessibility of this technology to the scientific community. These innovations in
single-cell multi-omics technology development holds promise to better understand the
mechanism by which epigenetic mechanisms control cell-type specific gene expression patterns
in human health and diversity.

4.2

Benefits and potential applications of bACE-seq versus ACE-seq
In this thesis, I discuss the development and validation of whole genome bisulfite ACE-

seq (WG-bACE-seq) during our endeavor to optimize a single-cell 5hmC-mapping technology.
As discussed in Chapter 1, the idea to incorporate bisulfite treatment as a way to pre-process
DNA for A3A-mediated cytosine deamination stemmed from the idea to use otherwise unideal
traits related to this chemical conversion step to our advantage. Briefly, in order to create ideal
A3A reaction conditions at the level of DNA, the DNA must be fragmented (to allow for more
efficient denaturation into single strands), 5hmC must be further protected, and the final DNA
product needs to be purified and suspended in a compatible buffer solution with A3A reaction
conditions. All of these steps are challenging to achieve when working with a single cell (~5pg of
DNA). For single-cell analysis, the idea is to minimize purification steps as well as any physical
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manipulation of the DNA to reduce sample loss. To this end, we identified bisulfite treatment as
an all-in-one reaction that can be directly applied to lysed nuclei (removing the initial purification
requirement), chemically fragments and denatures DNA, and “protects” 5hmC via its conversion
to cytosine methylene sulfonate (CMS), which we determined was effectively resistant to A3A
deamination activity. In addition, use of bisulfite sequencing had been successfully reported in
multiple single-cell technologies, thus, the “destructive” nature of bisulfite treatment can be
utilized to make profiling 5hmC in single cells possible.
On its own, the combination of bisulfite treatment and A3A is a very robust and effective
method to profile 5hmC in bulk, as well. In Chapter 3, we report similar quality metrics as
compared to traditional ACE-seq. Further, for researchers who are interested in profiling both
5mC and 5hmC in bulk samples, bACE-seq can be very readily paired with BS-seq, thus making
the output from these techniques more directly comparable (Figure S3-3B). Both ACE-seq and
bACE-seq are interchangeable technologies when paired with next generation sequencing (NGS)
technologies, as these sequencers are only capable of short-read sequencing. The advantage of
ACE-seq, as it is inherently non-destructive, is to pair this technique with 3rd generation, longread sequencing technologies (e.g., Nanopore and PacBio). ACE-seq still retains the unique
capability to generate long, intact DNA strands and is the only technology available that can be
paired with these long-read sequencing technologies to read out 5hmC patterning across an intact
single molecule.

4.3

Widescale applications and insight to be gained with Joint-hmC-seq
The relationship between 5hmC and gene transcription in a variety of contexts, cell types,

developmental states, and disease is incompletely understood, particularly because of the lack of
powerful methods with the capability of making definitive associations with this modification and
gene expression profile. 5hmC is an elusive DNA modification with that can either act as an
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intermediate of TET-family protein mediated DNA demethylation, or a stable epigenetic
modification in specific cellular contexts (e.g., adult neurons). 5hmC has been implicated as a
stable epigenomic feature that may play a direct role in modulating gene transcription in the
brain. Namely, 5hmCG is enriched in active gene bodies, and the proposed “activating”
mechanism in this context is through 5hmCG repelling ubiquitously expressed, generally
repressive methyl CpG binding protein 2 (MeCP2) (Hashimoto, Liu et al. 2012, Mellen, Ayata et
al. 2012, Mellen, Ayata et al. 2017). Deciphering the situations where either of these mechanisms
is most likely is essential to fully understand the interplay of 5hmC, epigenetic regulatory
mechanisms, and downstream transcription. A high-resolution 5hmC-mapping technology is
necessary, because thus far, our low-resolution strategies have provided the field with
inconsistent and weak associations with 5hmC and gene expression.
Now with Joint-hmC-seq, dual profiling of both 5mC and 5hmC is possible in the same
single cell. This, not only, allows for high resolution measurements of these modifications that
can be more definitively associated with expression outcomes, but also gene-specific steady-state
measurements of TET activity in distinct cell types. To our knowledge, it is the first method that
is capable of measuring two DNA cytosine modification states in the same cell. We anticipate
that it will be widely adopted in labs who have the interest in and capability to generate singlecell DNA methylomes. In addition, single-cell 5hmC atlases can be generated across tissue and
cell types in various disease and developmental contexts to generate comprehensive datasets with
the ability to determine whether this modification can be used as a biomarker for diseases such as
variety of cancers.

4.4

Further development and future application of Joint-hmC-seq technology
Joint-hmC-seq can be potentially paired with other molecular modalities to map

additional epigenetic regulatory mechanisms and/or transcriptional outcomes in the same single
107

cell. The Reik lab at the Babraham Institute has recently demonstrated the capability of
measuring DNA methylation and RNA transcription in the same single cell through physical
separation of DNA and RNA molecules prior to bisulfite conversion (Angermueller, Clark et al.
2016, Clark, Argelaguet et al. 2018). Briefly, single cells are individually isolated, lysed, mRNA
is captured using Smart-seq2 oligo-dT pre-annealed to magnetic beads. The remaining
supernatant containing the gDNA is transferred to a separate PCR plate. Beads containing the
captured mRNA molecules undergo washing steps, followed by reverse transcription and library
preparation. In parallel, genomic DNA from the same single cell is purified with AMPure XP
beads to undergo additional treatments. Our Joint-hmC-seq protocol could be easily paired with
this platform, and with isolated gDNA-containing lysates, these single cells can undergo bisulfite
treatment, purification, gDNA splitting, and A3A treatment (outlined in Chapter 3 of this thesis).
The result of this strategy will be matched methylome (5hmC+5mC), hydroxymethylome, and
transcriptome profiles from the same single cell. In addition, a GpC methyltransferase step can be
added to probe chromatin accessibility prior to bisulfite conversion (NOMe-seq, (Lay, Kelly et al.
2018)), thus mapping chromatin states (open chromatin) on top of the three modalities mentioned
previously. This is an exciting prospect for our technology, especially for obtaining ground-truth
molecular profiles in the same single cell to validate cross-platform computational integration,
which will greatly expand the utility of all publicly available single-cell datasets mapping these
molecular moieties.

4.5

Concluding Remarks
It has been a fulfilling experience to play a role in the endeavor to push forward scientific

capability through the development of cutting-edge technologies. I’ve been so fortunate to learn
and grow in such a supportive and exciting lab environment. Taking part in contributing to a
world-wide initiative to better understand human existence has been such a gratifying experience,
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and one that absolutely shaped how I will move forward and view science throughout my career.
Working across labs and institutes with individuals who have similar goals and dreams, but
different experience and expertise is so inspiring and provided me with a real-world
understanding of how important team-science is. Diversity (of opinions, people, experience, etc.)
truly drives innovation, and I will be intentionally seeking out the advice of people much different
than me so that together, we can make a much larger impact than any of us could achieve as
individuals.
The single-cell omics field, specifically, is expanding at such a rapid pace. Technology
truly drives biological discovery, and generating expansive maps of genomic, transcriptomic, and
epigenomic features at a cell-type specific level in a wide range of developmental/disease
contexts will help to fill major gaps in our knowledge. The large-scale single-cell initiatives such
as HCA will directly contribute to human health and wellness in ways that we have yet to fully
understand, and the prospect of this, alone, is exciting. I am so grateful that I was able to
contribute to development of technologies that drive these initiatives and plan to continue to do so
in the foreseeable future. Already, single-cell technologies are being utilized in pharmacological
and therapeutic development settings to better address human medical needs. This growth in
technological adoption will continue exponentially and will not only contribute to short-term
therapeutic goals, but our overall understanding of human health and wellness. As per the 2021
HCA census, single-cell studies have been accomplished across 18 research areas, 7,771
individuals, 35,455 samples, and 54,459,394 individual cells, and these efforts are just beginning.
In the words of the Chan Zuckerberg Initiative (CZI), “reference maps, or atlases, have
underpinned progress in science for centuries, mapping life from yeast to sea urchins.
Researchers are building the Human Cell Atlas as a reference map to understand the human body
in greater detail than ever before.” Armed with this expansive knowledge and understanding of
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human existence, we will be much better equipped to improve upon and appreciate human life
and health.
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APPENDIX
Supplementary Figures and Tables for Chapter 2

Figure S2-1. Quality control and validation of sNucDrop-Seq.
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(a) After sucrose gradient centrifugation and filtering through cell mesh, mouse (NIH3T3) or human (embryonic
stem cells (ESCs)) nuclei were visualized by phase-contrast microscopy (10x). After dounce homogenization,
mouse cortical nuclei were visualized by phase-contrast microscopy (10x) before (top) or after (bottom) sucrose
gradient centrifugation. Red arrows indicate nuclei before or after sucrose gradient centrifugation. The inlet
indicates fluorescent image of purified nuclei stained with DNA intercalating dye Hoechst 33342 (10 ng/µL).
Scale bar, 50 µm. (b) Bioanalzyer electropherogram of amplified cDNA shown for samples prepared from
whole-cell or nuclei by different platforms (10x Genomics platform or Drop-Seq/sNucDrop-Seq). FU,
fluorescence units. (c) Multi-species nuclei-mixing experiment measures sNucDrop-Seq specificity, by
sequencing a mix of human (ESCs) and mouse (NIH3T3) nuclei. Scatter plot shows the number of transcripts
(UMIs) associated with annotated human (y-axis) or mouse (x-axis) transcripts for each nucleus (dot). Nuclei
with >80% human transcripts are labeled as human (red), and nuclei with >80% mouse transcripts are labeled as
mouse (blue). Nuclei with a relatively high percentage of both human and mouse transcripts are labeled as
mixed (purple). Of the 790 nuclei that passed quality filter (>800 UMIs), 21 (2.66%) had a mixed phenotype.
(d) Violin plots illustrating number of transcripts (UMIs) detected by sNucDrop-Seq of nuclei (blue) or whole
cells (red) isolated from mouse 3T3 cells by Drop-Seq. Center line: median; circle: mean; limits: first and third
quartile; whiskers, ±1.5 Inter quartile range (IQR). Indicated on top are the number of cells or nuclei (>= 800
genes detected), mean number of UMIs per cells/nuclei, and mean number of genes per cells/nuclei. (e) Scatter
plot showing the high correlation of average expression levels [log (normalized UMI counts + 1)] between two
sNucDrop-Seq biological replicates of mouse cortical cells. (f) Median number of genes detected per nucleus at
scaling ranges of raw reads per nucleus. Data from two independent experiments were included, mean±s.e.m.
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Figure S2-2. Clustering reproducibility, subtype-specific marker gene expression and alternative mRNA
processing events.
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(a) The tSNE plot (the same plot as in Figure 1C) with all nuclei colored according to animal identity. Clusters
corresponding to excitatory (red dashed line) and inhibitory (blue dashed line) neurons are grouped together. (b)
Protein-coding (left) and non-coding (right) marker genes identified for neuronal and non-neuronal subtypes.
Violin plots illustrating select protein-coding (left) and non-coding marker gene expression for excitatory
neuronal (Ex1-27), inhibitory neuronal (Inh 1-7) and non-neuronal (Astro, OPC, Oligo, MG, EC) cell clusters.
(c) Cell-type-specific alternative splicing events revealed by sNucDrop-Seq. Sashimi plot of exon skipping
events associated with the Stxbp1 (top) or Macf1 (bottom) in each cell type. Left panel: upper histograms show
the read coverage along the exons. Junction reads are visualized by a dashed curve to indicate the splice event,
and the number of junction reads were indicated in the center of dashed curve. The bottom schematic diagram
shows the exon (wider bars) and intron (black line) structure of two annotated isoforms (inclusion and exclusion
of an exon), with the direction of transcription indicated by arrows along the intron. The variably present exon is
highlighted with grey rectangle. Right panel: the posterior distribution of MISO expression estimates (Ψ or PSI:
percentage spliced in) that represent the fraction of the inclusion isoform for a gene in each cell type. The red
line indicates the Ψ estimate, and the lower and upper 95% confidence intervals are plotted as dotted grey lines.
The actual value of Ψ and 95% CI are showed in the right of the histograms.
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Figure S2-3. Sub-type expression signatures of excitatory neurons identified by sNucDrop-seq agree with
previous studies.
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(a) Summary of cortical excitatory neuronal subtypes identified by sNucDrop-Seq. Glutamatergic neuronal
subtypes are grouped according to cortical layer distribution. Also shown are number of nuclei per subtype and
representative marker genes for each subtype. (b) RNA in situ hybridization (ISH) showing layer-specific
expression of selected markers in the mouse adult cortex (postnatal day 56, Allen Brain Atlas). (c) Cell-typespecific expression signatures (identified by sNucDrop-Seq) agree with previously published work. Pairwise
correlations of the average expression (Methods) for the genes in each cell-type signature defined by sNucDropSeq and cell-types defined by single-cell RNA-Seq in the mouse visual cortex (Tasic, Menon et al. 2016). (d)
Heatmap showing select human marker gene expression for cortical excitatory neuronal sub-populations
identified in Figure 1C. The human marker gene list is derived from single-nucleus RNA-Seq of adult human
cortex (Lake, Ai et al. 2016). (e) Integrative analysis of sNucDrop-Seq and DroNc-Seq data sets of adult mouse
cortex. A tSNE plot of 17876 sNucDrop-Seq (fresh mouse whole cortex) and 5,337 DroNc-Seq (frozen mouse
prefrontal cortex) (Habib, Avraham-Davidi et al. 2017) nuclei profiles (>800 genes per nucleus). Nuclei (dots)
are colored by method (left) and cluster membership (right) that is labeled post hoc according to cell-type,
cortical layer distribution (L2/3, L4, L5/6, and L6), and transcriptional state of neuronal activity regulated genes
(L2/3_active versus L2/3). (f) Fraction of either sNucDrop-Seq (red) or DroNc-Seq (blue) nuclei from each
cortical cell-types. Cell types are defined as in Figure S3E. (g) Mapping of original cortical cell-type clusters
defined by sNucDrop-Seq (red) and DroNc-Seq (blue) to clusters defined by combined data sets in Figure S3E.
Dot plot shows the proportion of nuclei in each cluster defined by two different methods that were classified to
each cluster defined by combined data sets. DroNc-Seq clusters: exPFC, excitatory neurons; GABA, inhibitory
neurons; ASC, astrocytes; OPC, oligodendrocyte precursor cells; ODC, oligodendrocytes; MG, microglia;
END, endothelial cells. sNucDrop-Seq clusters: Ex, excitatory neurons; Inh, inhibitory neurons; Astro,
astrocytes; OPC, oligodendrocyte precursor cells; Oligo, oligodendrocytes; MG, microglia; EC, endothelial
cells.
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Figure S2-4: Expression of IEG genes and PTZ-induced differential gene expression in cortical cell
types. Related to Figure 3 and 4
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(a) Violin plots (top) showing the distribution of the expression level of select IEGs in all cortical cell-types. Dashed
line (mean + 2SD) marks the background level of IEG expression that is used to call IEG-expressing nuclei.
Heatmap (bottom) showing percentage of nuclei expressing select IEGs in all cortical cell-types. The number
indicates the percentage of IEG-expressing nuclei over total number of nuclei in each cluster. (b) Identification of
cell clusters containing differentially expressed genes between PTZ treatment and control (saline). Significant genes
with p-values less than 0.01 and absolute natural log fold changes greater than 0.25 was colored (purple or yellow).
The cluster identified by GSEA as enriched for activity-dependent genes (FDR<0.2) is highlighted in red.
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Table S2-1. Sample information and sequencing metrics

Table S2-2. Co-expression patterns and statistics of selected activity-regulated genes (ARGs) in
excitatory neuronal sub-clusters
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Supplementary Figures for Chapter 3

Figure S3-1. Workflow of WG-bACE-seq
Workflow comparison illustrating stepwise differences in cytosine modification status and 5hmC-protection
between ACE-seq and bACE-seq, respectively.
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Figure S3-2: Evaluation of WG-bACE-seq in analysis of nuclei from cryo-preserved tissue samples
(a) Workflow of WG-bACE-seq analysis of neuronal nuclei isolated from adult mouse brains (left). Bar plot in the
right panel shows the global 5hmCG level in Tet1/2/3 triple KO (Tet TKO) mESCs and mouse cortical neurons
analyzed by various sample preparation protocols. As a positive control, ACE-seq (light blue) was used to analyze
sheared and denatured gDNA from Tet TKO mESCs or wild-type mouse cortical neurons. WG-bACE-seq was
applied to purified Tet TKO mESC gDNA (as a negative control) and sorted NeuN+ nuclei from mouse cortex. The
black dot indicates experiments with DNA denaturation, while the grey dot indicates experiments without DNA
denaturation. (b) Correlation density plot comparing 5hmCG levels in 1-Mb bins between standard ACE-seq (20ng
purified, excitatory neuronal DNA) and WG-bACE-seq (10,000 neuronal NeuN+ nuclei). (c) Correlation density
plot comparing global 5hmC level in 1-Mb bins between 10,000 and 100 NeuN+ nuclei with a pre-A3A
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denaturation step (left), between100 NeuN+ nuclei with the pre-A3A denaturing step and without denaturing
(middle), and between Tet TKO mESC DNA and 100 NeuN+ nuclei (right). (d) Bar plots showing the cytosine
modification levels in spike-in phage genomes between standard ACE-seq and WG-bACE-seq. The 5mCG and C
deamination efficiency was assessed by the methylated lambda phage, and 5hmC protection was assessed by the
mutant T4 (5hmC only) phage genome.
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Figure S3-3: Integrated analysis of excitatory neuronal genomic DNA using paired WG-BS-seq
and WG-bACE-seq
(a) The strategy of mapping both 5hmC and true 5mC by paired WG-BS-seq and WG-bACE-seq. (b) Schematic of
the sample-splitting workflow for paired WG-BS-seq and WG-bACE-seq on the same pool of mouse excitatory
neurons. (c) Scatterplots showing technical reproducibility of WG-BS-seq (left, 5mCG+5hmCG) and WG-bACEseq (right, 5hmCG) between two biological replicates. (d) Genome browser tracks of 5hmCG (blue) and true 5mCG
(red) signals at the Neurod6 gene locus. The 5mC level was calculated by directly subtracting WG-bACE-seq
signals from WG-BS-seq. Two representative CG sites with different levels of 5mC and 5hmC were highlighted
with a grey box. The sequencing coverage of the two methods are shown in grey tracks, respectively. (e)
Correlation density plot comparing genome-wide 5mCG+5hmCG (left) and 5mCH+5hmCH (middle) with 5hmCG
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and 5hmCH, respectively, across 1-Mb bins from WT mouse cortical neurons. The correlation density plot in the
right panel compares genome-wide 5hmCH level in 1-Mb bins between WT mouse cortical neurons and Tet TKO
mESCs.
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Figure S3-4: FANS of excitatory (Ex) and inhibitory (Inh) neuronal subtypes from the mouse
cortex
(a) Representative FANS results for isolating excitatory neurons (double positive (DP): NeuN+/Neurod6+),
inhibitory neurons (single positive (SP): NeuN+/Neurod6-), and non-neuronal cells (double negative (DN): NeuN/Neurod6-) from the mouse cortex of NeuroD6/NEX-Cre mice. (b) UMAP visualization of mouse cortical nuclei
colored by cellular identity defined by single-nucleus RNA sequencing analysis (left panel) or FANS analysis (right
panel). Ex: excitatory neurons. Inh: inhibitory neurons; L: layer, Str: striatum; Astro, astrocytes; OPC,
oligodendrocyte precursor cells; Oligo, oligodendrocytes; MG, microglia; EC, endothelial cells.
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Figure S3-5: Benchmarking snhmC-seq performance
(a) UMAP visualization of 233 sorted cortical nuclei from wild-type mouse (brain #1 and 2) colored by biological
replicates (top left panel), 127 sorted mouse cortical nuclei from Nex-Cre transgenic mouse (brain #3) colored by
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cell-types defined by FANS analysis (top right panel), clustered mouse cortical nuclei colored by FANS sorting
channels (bottom left panel) or cell types defined by single nucleus 5hmC profiles (bottom right panel). Ex:
excitatory neurons; Inh: inhibitory neurons. (b) Boxplots showing the percentage of uniquely mapped reads (over
total reads) in snmC-seq and snhmC-seq. Open white circles indicate the mean value. (c) Boxplot showing the
mapping rates across 8-plex inline barcodes. Open white circles indicate the mean value. (d) Scatterplot showing the
covered CpG sites per nucleus as a function of uniquely mapped reads per nucleus for 8-plex inline barcodes.
(e) Violin plots showing the global cytosine modification levels within CG (left panel) or CH (right panel) contexts
detected via snmC-seq and snhmC-seq. The width of the violin plot corresponds to the kernel probability density of
the data at a given value, and the open white circle indicates mean value in each group. See ‘Data visualization’ in
the Methods for definitions of violin plot elements.
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Figure S3-6: Systematic comparison of APOBEC3A enzymes
(a) SDS-PAGE analysis of in-house and NEB APOBEC3A (A3A) enzyme. The expected molecular weight of
MBP-A3A-His (before cleavage) is ~70 kD, while that of untagged A3A is ~24 kD. Bovine serum albumin (BSA)
serves as control to quantify the amount of protein. (b) Boxplot illustrating deamination failure rate on CpGmethylated lambda phage gDNA across different concentrations of both NEB A3A* (orange) as well as in-house
WT A3A (blue). Open white circles indicate mean value. See ‘Data visualization’ in the Methods for definitions of
boxplot elements.
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Figure S3-7: Comparison of snhmC-seq2 quality metrics
(a) Boxplot illustrating mapping rates across various iterations of snhmC-seq(2) experiments. Open white circles
indicate the mean value. Included are example bioanalyzer traces illustrating QC low (left) and QC high (right)
stratification. Also see Supplementary Note 3. (b) Boxplots illustrating mapping rate across 8-plex inline barcodes
for snhmC-seq2 split libraries (top) and snmC-seq2 split libraries (bottom). Open white circles indicate the mean
value. See ‘Data visualization’ in the Methods for definitions of boxplot elements. (c) Scatterplot comparing the
covered CpG sites per nucleus as a function of sequencing depth (uniquely mapped reads per nucleus) among
snhmC-seq2 non-split nuclei (red) and snhmC-seq2 split nuclei (blue). Fitted regression line was indicated
respectively. (d) Scatterplot comparing the covered CpG sites per nucleus as a function of sequencing depth
(uniquely mapped reads per nucleus) among snhmC-seq2 non-split nuclei (red) and snhmC-seq non-split nuclei
(grey). Fitted regression line was indicated respectively.
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Figure S3-8: Quality control of unbiased clustering results of mouse cortical nuclei
(a) UMAP visualization (same as Fig. 3-2d) showing 5hmCG% in the mouse genome, 5hmCH% in the mouse
genome, covered genomic CG sites per cell, covered genomic CH sites per cell, 5hmCG% in reads mapping to the
lambda phage spike-in control, 5hmCH% in reads mapping to the lambda phage spike-in control, and uniquely
mapped reads per cell. (b) UMAP visualization (same as Fig. 3a) showing 5mCG/hmCG% in the mouse genome,
5mCH/hmCH% in the mouse genome, covered genomic CG sites per cell, covered genomic CH sites per cell,
5mCG% in reads mapping to the lambda phage spike-in control, 5mCH% in reads mapping to the lambda phage
spike in, and uniquely mapped reads per cell.
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Figure S3-9: Modification levels across cell types identified by Joint-hmC-seq
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(a) Boxplots indicating global 5mCG/hmCG (top), 5mCG (middle), and 5hmCG (bottom) modification levels across
distinct cell types identified by joint-hmC-seq. Open white circles indicate the mean value. (b) Boxplots indicating
global 5mCH/hmCH (top), 5mCH (middle), and 5hmCH (bottom) modification levels across distinct cell types
identified by joint-hmC-seq. Open white circles indicate the mean value.

Figure S3-10: Integration of snhmC-seq and snmC-seq datasets
UMAP visualization of mouse cortical neuronal subtypes in the adult cortex, colored by cell-type annotations
defined by snhmC-seq (left panel, n = 262 Ex/Inh nuclei) or by snmC-seq (right panel, n = 3,377 NeuN+ nuclei).
Ex: excitatory, Inh: inhibitory, DL: deep layer. Cell-type annotations were simplified by combining subtypes within
the same anatomical cortical layer (Superficial, Middle1/2 and Deep1/2) or according to their transcriptomic
similarity (for Inh1/2).
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