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ABSTRACT

Variation in DNA sequence influences change in one or many molecular intermediates in a
functional pathway, ultimately leading to a change in an organismal-level trait. This creates a
causal chain of events, as governed by the Central Dogma of molecular biology, where deleterious
DNA variants cause dysregulation of gene expression and/or protein levels, leading to a disease
state at the organismal-level. Determining which and how DNA variants are causal for the disease
phenotype is a major challenge in the field of genetics and is of major interest due to its potential
for unraveling new knowledge about regulatory biology and discovering new genetic therapies for
diseases. Single nucleotide variants (SNVs), or just variants, can be classified into two classes:
namely single-nucleotide polymorphism (SNPs) which occur at some frequency in the human
population, and somatic point mutations which occur throughout the lifespan of the organism. The
vast majority of disease-associated variants tend to be in the non-coding part of the genome,
leading to complex and variable interactions with genes. Perhaps the best understood of these non-
coding variants are regulatory variants which reside in DNA regulatory elements such as promoters,
enhancers and repressors. The activity of regulatory elements has been shown to be cell-type and
state specific, which motivates the need for single-cell technologies for further dissecting disease-
related variants and the putative genes they target. In this dissertation, I develop a framework for
utilizing single-cell ‘omics data to interpret the germline SNPs and somatic point mutations
associated with disease states. In Chapter 1, I explore methods for detecting somatic mutations in
individual cancer cells and nominate genes whose expression is altered in cells with somatic
mutations using single-cell RNA-sequencing data. However, obtaining single-cell RNA-
sequencing data from bulk tissues such as solid tumors presents its own challenges. Due to the

complexity of the intracellular matrix of adult bulk tissues, such as solid tumors, obtaining single
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cell suspensions is not always possible. In Chapter 2, I performed a systematic analysis between
single-cell and nucleus RNA-sequencing data on a model system of induced-pluripotent stem cells
differentiating into cardiomyocytes. Finally, I developed a framework in Chapter 3 for utilizing
single-nucleus ATAC-seq and single-nucleus RNA-seq to interpret the germline SNPs found in
atrial fibrillation (AF) GWAS, the most common cardiac arrhythmia. Risk variants of Atrial
Fibrillation (AF) are >10-fold enriched in cardiomyocytes (CMs) but not other cell types. Taking
advantage of this enrichment pattern, we used a Bayesian statistical framework to fine-map causal
variants of AF, favoring variants in CM open chromatin regions. I developed a novel
computational procedure that aggregates all putative causal variants and combines multiple
sources of information linking SNPs to genes. Through this procedure, I nominate genes that were

not found by GWAS alone.
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INTRODUCTION

Variation in DNA sequence influences change in one or many molecular intermediates in a
functional pathway[ 1], ultimately leading to a change in an organismal-level trait. This creates a
causal chain of events, as governed by the Central Dogma of molecular biology, where deleterious
DNA variants cause dysregulation of gene expression and/or protein levels, leading to a disease
state at the organismal-level. Determining which and how DNA variants are causal for the disease
phenotype is a major challenge in the field of genetics and is of major interest due to its potential
for unraveling new knowledge about regulatory biology and discovering new genetic therapies for
diseases.

Single nucleotide variants (SNVs), or just variants, can be classified into two classes: namely
single-nucleotide polymorphism (SNPs) which occur at some frequency in the human population,
and somatic point mutations which occur throughout the lifespan of the organism and are generally
unique to that organism. Somatic mutational burden is known to partly drive cancer and
tumorigenesis by mutating key genes such as tumor suppressor genes and oncogenes[2]. On a
larger scale, genome-wide association studies (GWAS) have found countless SNPs genome-wide
that are significantly associated with thousands of traits[3] through rigorous statistical testing and
functional validation.

In the route of assessing which and how DNA variants influence a certain trait, e.g. cancer, the
first link in the causal chain is inferring the variant and the gene it influences. A variant, whether
it is a SNP or somatic, can be categorized as coding or non-coding depending on its genomic
position. In the former case, the functional consequence of the variant can be inferred simply by

its influence on the primary amino acid structure. For instance, a non-sense variant in the start



codon of a gene can completely shut-off expression. Such mutations are known as loss-of-function
(LoF) mutations and frequently occur in cancer by disrupting expression of key tumor suppressor
genes such as TP53.

The vast majority of disease-associated variants tend to be in the non-coding part of the genome,
leading to complex and variable interactions with genes. Perhaps the best understood of these non-
coding variants are regulatory variants which reside in DNA regulatory elements such as promoters,
enhancers and repressors. The activity of regulatory elements has been shown to be cell-type and
state specific[4], which motivates the need for single-cell technologies for further dissecting
disease-related variants and the putative genes they target.

Recent advances in molecular biology, microfluidics and nanotechnology have given rise to a
multitude of single-cell sequencing technologies. Initial methods have focused on measurements
of a single molecular entity such as DNA sequence, transcriptomics, and chromatin accessibility.
At all levels of the central dogma hierarchy, single-cell measurements have revealed extensive
cellular heterogeneity in the composition of complex tissues in a variety of organisms such as
mouse retina[5], malaria parasites[6], and drosophila embryos[7]. A notable application of single-
cell technologies is in the field of cancer biology where single-cell transcriptomics were used to
dissect intratumor cellular heterogeneity and establish the tumor microenvironment[8]. Single-cell
multimodal assays combining DNA sequence and transcriptome readout provide a powerful
technique for inferring the marginal effect of a SNV on the entire transcriptome directly[9], [10].
Single-cell assays that probe epigenetics such as chromatin accessibility allow us to infer
regulatory networks, which tend to be cell-type and tissue specific. Furthermore, variants falling

into regulatory elements can potentially be linked to their putative target gene in a cell-type-



specific manner. Overall, single-cell ‘omics provide cellular-resolved functional genomics for
dissecting effects of DNA variants on gene expression.

In this dissertation, I develop a framework for utilizing single-cell ‘omics data to interpret the
germline SNPs and somatic point mutations associated with disease states. This interpretation
involves learning the relevant cell-type(s) for the disease, and the cell-type specific intermediate
genes that mediate the effect of the SNP onto the phenotype. Here we refer to cell types/states in
the most generic sense; they can be defined by genetic, epigenetic, and/or transcriptional profiles.
In Chapter 1, I explore methods for detecting somatic mutations in individual cancer cells and
clustered cells according to their somatic mutational profiles. In particular, I develop a pipeline for
genotyping individual cells using full-transcript single-cell RNA-sequencing data, and perform
single-cell phylogenetic inference based on somatic mutation status in each cell. We utilized a
recently published method called Single Cell Inference of Tumor Evolution, SCITE[11], which
allows us to effectively cluster single cancer cells based on their evolutionary history as implied
by somatic mutations. Once we defined groups of evolutionary-similar cells, we perform
traditional differential expression analysis across cell clusters to find genes potentially impacted

by somatic point mutations, and to infer how gene expression changes during the tumor evolution.

However, obtaining single-cell RNA-sequencing data from bulk tissues such as solid tumors
presents its own challenges. Due to the complexity of the intracellular matrix of adult bulk tissues,
such as solid tumors, obtaining single cell suspensions is not always possible. An alternative
approach is to use single nuclei[12], however this potentially problematic for single-cell RNA-
sequencing because there is less RNA content to sequence. In Chapter 2, I perform a systematic

analysis between single-cell and nucleus RNA-sequencing data on a model system of induced-
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pluripotent stem cells differentiating into cardiomyocytes. I utilized state-of-the-art methods for
batch correction, dimensionality reduction, clustering, and differentiation trajectory reconstruction
on both modalities. I mapped and compared the cell-types and states found between the two
modalities to assess their potential for detecting common and rare cell-types. I also assessed the
difference in average genome-wide coverage, a critical parameter for the genotyping algorithm
discussed in Chapter 1.

In Chapter 3, I developed a framework for utilizing single-nucleus ATAC-seq to interpret the
germline variants found in atrial fibrillation (AF) GWAS. AF is the most common cardiac
arrhythmia and affects 2-9% of people worldwide and varies with age. Recent large-scale genome-
wide associations have discovered over 111 independent loci that contribute to AF risk[13]
corresponding to 122 approximately independent linkage disequilibrium (LD) blocks; however the
causal variants and their target genes remain unknown. Utilizing our cell-type resolved cardiac
single-cell ATAC-seq data, we assessed the enrichment of cell-type specific open chromatin
regions (OCRs) in AF GWAS SNPs. I found up to 8-fold enrichment of cardiomyocyte-specific
OCRs in AF, while very little enrichment was observed in other cell-types of the heart. I took
advantage of this strong enrichment by performing Bayesian statistical fine-mapping using
SuSiE[14] in order to prioritize AF SNPs in cardiomyocyte OCRs. Using this strategy, we were
able to identify new AF-associated variants that would not have been identified without the
functional information. Utilizing promoter-capture HiC (PC) and coaccessibility between distal
enhancers and promoter regulatory elements, I linked the fine-mapped causal variants to their
putative target genes. The genes we found were differentially expressed and upregulated in

cardiomyocytes compared with other cell-types of the heart.



CHAPTER 1: SINGLE-CELL PHYLOGENETIC INFERENCE FROM
SINGLE-CELL RNA AND WHOLE-EXOME SEQUENCING DATA

1.1 Introduction

Tumorigenesis, or the formation of a cancer tumor, has increasingly been accepted as an
evolutionary process where cell populations evolve much like populations of organisms do[15].
However, unlike large-scale divergence such as between human and chimps, the evolutionary
distance between individual cancer cells is extremely short due to the very small divergence in
DNA sequence. To set this in perspective, the divergence, as measured by the number of nucleotide
substitutions per site, is ~10"! between mammals, ~10~ between two humans, and about ~10
between two cells[15]. During cancer evolution, many forces operate such as natural selection to
produce the cancer cells with most fitness, here defined as differential cellular proliferation among
distinct cellular somatic mutations. The consequences of this evolutionary model are groups of
tumor cells, or sub-clones, each harboring a set of distinct and advantageous somatic mutations.
In the simplest model, also known as the clonal expansion model, these sub-clones compete against
each other for resources in the tumor environment and the more fit ones will replace others until
eventually they themselves are out-competed by new and more fit sub-clones[16], [17].

The clonal expansion model predicts a high degree of genetic diversity within tumors, and this is
referred to as intra-tumor heterogeneity (ITH). ITH is believed to a major cause of cancer relapse
after treatment because the drug therapy typically targets the dominant (with highest number of
cells) sub-clone present at the time of diagnosis[18], [19]. In an evolutionary framework, the
success of this drug therapy implies the removal of one competitor sub-clone. Upon remission,

either a clonal expansion of a previously suppressed sub-clone or an emergence of a new resistant



subclone is likely to occur[20]. Knowledge of the genetic diversity and evolutionary history of a
tumor is likely to be a key component in the design of personalized cancer therapies that are more
effective.

It is important to define the set of sub-clones making up a tumor, e.g. ITH, because they potentially
have different molecular phenotypes, e.g. transcriptome, which would be critical to understand
prior to designing a drug. The main challenge in obtaining knowledge on ITH, e.g. the set of sub-
clones and their distinct somatic mutational signatures, is that common bulk high-throughput
sequencing admixes the DNA of millions of cells in a sample before sequencing. The resulting
mutational profiles obtained from the mixture constitute an average of an unknown number of sub-
clones each making up an unknown fraction of the mixture[21]. An abundance of tools have been
developed to infer the sub-clones and their evolutionary history from bulk DNA sequencing
data[22]-[24], however their resolution is inherently limited and low-frequency sub-clones are
difficult to detect.

The emergence of single-cell DNA sequencing has changed the situation by unlocking the ability
to reconstruct single-cell phylogenies. All cells in a tumor are related via a binary genealogical
tree. To reconstruct the evolutionary history based on SNVs, or somatic point mutations, the
infinite sites assumption is typically made, which implies that the mutation profiles of the cells
form a perfect phylogeny. A perfect phylogeny is defined if for all pairs of mutations i;i>, the set
of cells having mutation i; and the set of cells having mutation i are either disjoint or one is a
subset of the other. Most approaches constructing tumor phylogenies focus on the order of SNV
or mutation events, also known as the mutation tree. The sub-clones, or set of cells harboring
distinct mutations, are implicitly inferred by taking all mutations in a path from the root node to

any leaf node in the mutation tree. A recent method SCITE[11] uses this scheme to infer mutation
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trees, and therefore putative sub-clones, from single-cell DNA sequencing data. SCITE uses an
MCMC algorithm to infer the tree that maximizes the posterior probability given the single-cell
genotype data.

The inference of sub-clones in tumors is a critical step for defining the set of heterogeneous
mutational profiles, however, the downstream effect of these mutations, and consequently the
molecular phenotype, are still largely unknown. As we discussed in the introduction section,
linking point mutations to their putative target genes is the first link in the causal chain going from
DNA variation to phenotype. Using single-cell DNA-sequencing data allows us to gain cellular
resolved mutational profiles. Other functional genomics data such as RNA-seq from the same cells
would allow us to potentially measure the effects of the somatic mutations. Indeed, a multi-omic
single-cell approach combining DNA and RNA simultaneous measurements would be ideal for
reconstructing phylogenies and measuring transcriptome differences between sub-clones.
However, methods for simultaneous measurement of DNA and RNA are fairly immature,
expensive, and low-throughput.

In this chapter, I develop a method that adopts SCITE for inferring tumor sub-clones from single-
cell RNA-sequencing combined with a matched bulk-tissue whole-exome sequencing (WES) data.
In this way, we circumvent the need for simultaneous measurements of RNA and DNA in
individual cells. The advantage of single-cell RNA-sequencing is that we have transcriptome
readout for each inferred sub-clone, which allows us to infer changes in molecular intermediates,
genes in this case, during the tumor evolution. Given that single-cell RNA-sequencing data are
relatively sparse and reads only span gene bodies, genotyping each cell is a challenge, and
therefore the quality of reconstructed phylogenies will largely depend on experimental and

sequencing parameters of the single-cell RNA-sequencing data. To that end, we performed
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extensive simulations using ground-truth phylogenies to assess the performance of the method.
Finally, I apply this to publicly available data from a recent work[25] that performed single-cell
RNA-sequencing and bulk DNA sequencing from human breast cancer tissue. We find that sub-
clones with more somatic mutations show an increased expression of oncogenes and lowered

expression of tumor suppressor genes.

1.2 Methods

1.2.1 Computational procedure
In this section, we outline the main pipeline for genotyping individual cells using single-cell RNA-
sequencing data (scRNA-seq) paired with matched bulk WES data. The vast majority of somatic
mutations are background mutations which are randomly distributed in the tumor genome.
However, due to selection the nonsynonymous mutations in exonic regions has increased mutation
rate, therefore making RNA-seq potentially suitable candidate for detecting such variants. Calling
somatic variants from RNA-seq de-novo is, however, a big challenge and previous studies have
found limited success with large false positive rates owing to alignment errors, strand bias, cycle
bias, random errors during reverse transcription and PCR, and mechanisms such as mRNA-
editing[26]. In the case of scRNA-seq data, the above challenges are compounded by low
sequencing depth. Here we take an alternative approach and attempt to solve an easier question:
given a set of somatic point mutations that are known a priori, can we confidently determine
whether a cell has the mutation or not based on scRNA-seq data? Utilizing WES data at 100X
coverage from the same individual/tumor, we use a GATK-based[27] short somatic variant
discovery pipeline to determine the set of somatic point mutations and classify their

presence/absence in individual cells using scRNA-seq (Figure 1.1).
8



Single-cell RNA-sequencing methods can be classified into two categories: those based on droplet
3-prime technology and plate-based technology that sequence full transcripts as opposed to just
the 3-prime end. The former is lower cost and higher throughput in terms of number of cells
compared with the latter, however, the number of reads per cell are about 100 times smaller on
average. Less reads per cell leads to a smaller average genome-wide coverage which makes the 3-
prime scRNA-seq data particularly challenging for genotyping individual cells. However, the large
number of cells sequenced using 3-prime technologies is an advantage for adequately sampling
the diversity of sub-clones in a tumor. We consider both kinds of data in our simulation study of

reconstructing phylogenies, and we apply the method to plate-based scRNA-seq data.

The pipeline begins by taking in FASTQ files for tumor scRNA-seq and WES data, and optionally
FASTQ files for WES from patient-matched non-tumor (normal) tissue for classifying germline
variants. A number of bioinformatics solutions exist for processing whole exome/genome
sequencing data. I developed a Snakemake workflow based on GATK’s best practices and it can
be found at github.com/aselewa/cancerWGS_pipeline. The pipeline utilizes bwa-mem for aligning
DNA fragments, followed by de-duplication of PCR duplicates, base-quality score re-calibration,
and Mutect?2 for short variant discovery. Mutect2 can be run in tumor-only mode, but in this project,
we used a matched normal tissue and defined germline variants using HaplotypeCaller.
Furthermore, a germline variant resource based on Gnomad is used to further classify somatic vs
germline variants. Mutect2 produces a germline posterior probability, which we threshold at 50%
and define a set of high-quality short somatic variant calls. For scRNA-seq data, we can utilize
another homemade solution available at github.com/aselewa/dropseqRunner for ingesting either
3-prime or full-length scRNA-seq FASTQ files and aligning them to produce BAM files.
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Given a set of positions containing somatic point mutations (based on WES), we use a simple
model to classify the presence/absence of each mutation in each cell in scRNA-seq BAM files.
Using samtools mpileup, we obtain the counts of the reference and mutant allele at all somatic
mutation locations in the sScCRNA-seq BAM file. We retain mutations that have a coverage of at

least 10 reads in each cell. Let D;; be the total read count of somatic mutation i in cell j. Using the

read count data, we would like to estimate P(R|G) for each genotype G using the read data R and
choose the genotype with the highest likelihood. Assuming the reads are independent, the genotype

likelihood is given by:

D,.

PRIG) =] [Pei0)
k=1

where 1y is the Ath read and the probability of the read k given the genotype G=H;H, is given
by:
1
P(r|G) =7 [P(n|H)+P ([ Hy)]

In other words, we average the conditional probability of an observed allele given the genotype

alleles. In the simplest model, assuming uniform errors, this condition probability is given by:

I-E Dsz
=!{€
P(rB) 3 otherwise

where €/3 is the per-allele sequencing error rate and we set € = 10”2, For downstream analyses and
tree construction, we do not distinguish between the cases where a cell contains one or two copies
of the somatic mutation allele. We simply denote a binary status of whether the cell contains the

somatic mutation or not. The above procedure yields a binary single-cell genotype matrix which
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is then passed to SCITE for inferring the mutation tree and subsequently the sub-clones. Missing
values in the genotype matrix, due to insufficient read depth in a sub-set of cells or ambiguous
genotyping, are allowed as input for SCITE, which reports accurate tree reconstruction with up to

60% missing values in the genotype matrix.

Patient-matched blood

= WGS/WES Align to reference genome (BWA) Ca.ll somatilc
i Tumor - 100X |—|Mark & remove duplicates (Picard) — > p]?/lmt m;tatlons
h Blood - 50X Recalibrate base quality scores (Mutect2)

|

Filter variants
(germline PP < 20%)

|

_______ Bisected study

Genotype
Sinele-cell Trim low quality reads (FastQC) individual cells at
gle-ce ! : :
RNA-seq Align to reference genome (STAR) somatic mutations

|

Gene-set / pathway
enrichment analysis

Differential expression
on genetically distinct
cells

Infer MLE mutation tree
from single-cell genotype
matrix

Figure 1.1: Schematic of computational procedure for inferring phylogenies from single-cell
RNA-sequencing data. WGS: whole genome sequencing, WES: whole-exome sequencing. PP:
posterior probability.

1.2.2 Benchmarking simulated trees at various sparsity levels in scRNA-seq
In this section, we assessed the performance of this procedure by performing simple simulations.
We expect that the performance of this procedure relies largely on two parameters: the number of
somatic mutations and the number of reads per cell in scRNA-seq. The performance also relies on
the number of cells, however, plate-based scRNA-seq experiments are generally low through-put
and typical experiments produce on the order of ~102 cells so we fix the number of cells in our
simulations. The number of somatic mutations is also determined by the genome-wide mutation

rate for the specific cancer type[2], but here we use the mutation rate per Mb averaged over all
11



cancer types to keep the methodology agnostic to cancer type. Using a mutation rate of 2 per Mb[2],
and assuming the exome is 30Mb large, we expect about 60 somatic point mutations.

Constructing a ground truth phylogeny

We begin by constructing a ground truth phylogeny of individual cells belonging to three sub-
clones (Figure 1.2). The phylogeny is simply a binary tree of three sub-clones, and the cells within
each sub-clone form a star shaped phylogeny. That is to say the cells within a sub-clone have
identical mutational profiles. We used 200 cells in the simulation, with sub-clone A, B, and C
having 100, 50, and 50 cells, respectively. The number of mutations was fixed to 60, and was
distributed among the branches of the phylogeny as shown in Figure 1.2. Based on this ground

truth phylogeny, we assemble the genotype matrix Gy; that defines the phylogeny (Figure 1.2).

Simulating RNA-seq coverage

To simulate RNA-seq coverage at any given position in a gene, we begin by simulating counts at
all genes, and then we distribute the counts among the positions of all genes. Let S be the total
number of reads that we will distribute over P genes. To do this, we use a simple multinomial
model:

R; ~ Multinom(S, a ...ap)

Where R; is the coverage profile of the j-th cell across P genes. The parameters o, ...0, are the

normalized mean expression levels for P genes. A simple approach would be to distribute them
evenly, however, we wanted to capture the library complexity of realistic datasets. To determine
these, we fit a negative-binomial model to several single-cell RNA-seq datasets containing ~23k

genes to estimate the means and proceeded to normalize them such that }; a; =1.

Next, we choose at random 60 genes to mutate, therefore we assume exactly one mutation per

gene. To determine coverage at the positions within these genes, we simply take the read counts
12



within each gene and distribute them over the length of the gene uniformly. To be more precise,

we use the following:

D~~=&r

1 L .
J

Where Dj; is the read coverage at the i-th cell, and j-th mutation (or gene), Ry is the number of
reads at the i-th cell and j-th gene, L; is the length of the current gene j, and r is the read length. In
other words, we convert the read count into base-pairs using the read length, and then we estimate
the average coverage in a gene.

Simulating allele counts at variable loci and performing tree reconstruction

Now that we have generated the read count at each cell and each mutation, we simulate the number

of mutant/non-reference alleles based on the ground truth genotype matrix Gj; as follows assuming
a diploid system:

Xij ~ Bil’lOl’l’l(Dij, p)

I\Gi e\ 1-Gj;

SONON
where Gj; € {0,1}, and the probability p is approximately 0.5 when the mutation is present
(Gjj = 1, heterozygous cell) and p is €/3 when the mutation is absent. Note that this simulation
ignores the case when the cell is non-reference homozygous for simplicity. Having generated the
read counts, we now perform genotyping on each cell/mutation using Dj; and Xj; as prescribed in
section 1.2.1, which generates a reconstructed genotype matrix G'ij. The goal is now to reconstruct

the phylogeny using SCITE and compare with the ground truth. To this end, we also developed a
metric for comparing two binary phylogenies that takes sub-clone structure into account. In

particular, we would like a metric that describes how well grouped cells from the same sub-clones
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are. For each sub-clone, we find the sub-tree of the reconstructed tree that contains the majority of
the cells in said sub-clone and we calculate the proportion of cells in that sub-tree that are not in

the sub-clone. We repeat this procedure for all sub-clones and estimate the error as follows:

1

_ k
W N

Niismatch

k € subclones

k

where N is the total number of cells and ny ;.. 1S the number of cells that do not belong to kth

k. )
sub-clone but localize in the same sub-tree as the kth sub-clone. In other words, % is the

error rate coming from the kth sub-clone. Finally, I take our performance metric to be 1-W, with

larger values corresponding to trees that are better reconstructed.

Ground Truth Tree Ground Truth Genotype Matrix, G
/ A B C
~l 1 1 o0
L — 28
A “ 2
\\\ \\\
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Coverage Matrix, D Alternative Allele Matrix, X Estimate Genotype Matrix, é Estimate Tree
(NJ, SCITE)
A B C A B C /
12 o 1 |1 o o P(Gyj = 1|Dyy, Xyy)
3 —_— § —_— R
P(Gyy = 0|Dy;, Xiy)
C A B

Figure 1.2: Schematic illustrating steps taking to perform benchmarking of phylogenetic
inference from single-cell RNA-sequencing data. NJ: neighbor-joining. SCITE: Single cell
inference of tumor evolution.

1.3 Results

1.3.1 Simulation results
The above simulation was performed at a number of reads per cell S spanning from 10*-10%, which
translates to per-base exome coverage values of 0.05 — 10 assuming 100 bp paired-end reads
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(Figure 1.3). As a comparison, we used a distance-based neighbor-joining method to reconstruct
the phylogeny in addition to SCITE, a maximum-likelihood based method. We find that the
performance of both methods generally increases with increasing number of reads per cell, which
is likely due to increased probability of having non-zero read count at mutations that segregate and
separate cells. Interestingly, the neighbor-joining method shows worst performance at low per-
base coverage values compared with SCITE, likely due to mis-calibrated distances between cells
because of missing genotypes. Indeed, maximum-likelihood methods such as SCITE have
previously been shown to outperform distance-based methods[11]. Based on these simulations, we
estimate a minimum single-cell per-base coverage of at least 6X (or 10° reads/cell) and ~60
mutations in order to obtain >95% accuracy of reconstruction (Figure 1.3). To reiterate, this level
of coverage is common from plate-based full-transcript single-cell transcriptomics. For the
remainder of the chapter, we apply the pipeline to previously published plate-based scRNA-seq

data with tumor-matched WES data.

200 read length; 60 mutations

1.0 1 —T— —

0.9

0.8 1

0.7 1
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Performance Metric

0.5 A1

0.5 1.0 2.5 4.0 10.0 50.0
Reads per Cell (x10°)

L

Figure 1.3: Performance of tree reconstruction using SCITE as a function of number of reads per
cell with 60 somatic mutations detected from whole exome sequencing data.
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1.3.2 Preprocessing scRNA-seq and WES data from breast cancer

A recent study[25] performed comprehensive transcriptomic and genomic profiling of the four
subtypes of breast cancer from 11 patients: luminal A/B, HER2, and triple negative. The primary
goal of this study was to generate transcriptomic signatures of different cancer sub-types, however,
we sought to use the data presented here to demonstrate the applicability of the pipeline. For each
patient, tumor biopsies were used to performed scRNA-seq and WES in a bisected experimental
design. Peripheral blood was also obtained from each sample to serve as a genomic control for
estimating somatic point mutations. The full details of data processing for scRNA-seq and WES
can be found in the extended methods of the study. In brief, RNA-seq 100bp paired-end reads
were aligned to the human reference genome version 19 (hg19) using the 2-pass mode of STAR[28]
version 2.4.0 to produce single-cell BAM files. Exome-sequencing 100bp paired-end reads were
aligned to hg19 using BWA[29] version 0.7.1. Putative duplicates were marked by Picard version
1.93. The “best practices” guide for calling short somatic variants from GATK was used which
utilizes Mutect2 to call point somatic mutations. The coverage of the WES data was 100x for
tumors and 50x for blood samples.

The sequencing-reads quality, number of cells, and number of somatic point mutations varied
considerably from one patient to another. Another varying quality was the transcriptomic
heterogeneity as demonstrated by PCA in Figure la in the referenced study[25]. Indeed, the best
sample is one with a large number of cells and somatic point mutations, and exhibits transcriptional
heterogeneity which potentially demonstrates multiple sub-clones and/or cell states. In order to
demonstrate the pipeline on the best quality dataset we choose one patient that was ER/HER2
positive, namely “BC03”, which had a total of 33 cells each with an RNA coverage of at least 10°
reads/cell, and a total of 429 somatic point mutations called. Approximately 52% (223/429) of
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somatic mutations were intronic or intergenic, while 28% (120/429) were missense mutations and
10% (42/429) were silent mutations. Multiple canonical driver genes were found to be mutated,

such as proto-oncogene BRAF, HUWEI, and tumor suppressor DEDD2.

1.3.3 Differential expression across two sub-clones

Using the approach outlined in Section 1.2.1, each cell as genotyped at each locus, and we retained
54% of cells (18/33) that had at least 1 somatic mutation. A total of 18 mutations were retained
that had at least 10x coverage in one cell (see Table 1.1 for details). We estimate only 5 somatic
mutations to be part of driver genes, which indicates that the other 13 mutations are possibly
passenger mutations. Nonetheless, passenger mutations are still potentially informative for
estimating the evolutionary history of a tumor. We find 61% of somatic mutations (11/18) are
missense mutations, while the remaining are intronic, silent, and/or nonsense mutations. A binary
single-cell mutation matrix was produced with 66% missing values and a maximum-likelihood
mutation tree was inferred with SCITE (Figure 1.4). A total of 100 mutation trees were sampled
from the posterior distribution, however, the differences between these trees were local. Single
cells were attached to the mutation tree at the most recent mutation harbored. A single-cell may
have multiple attachment points due to uncertainty introduced by missing data (Figure 1.4, dashed
red lines). Nonetheless, the mutational profile of a single-cell can be inferred by tracing the tree

path from the attachment point to the root
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Symbol Chr hg19 bp Ref Alt Variant _Classification Genome_Change Protein_Change VAF

CRYZ 1 75190429 G A Missense Mutation g.chrl:75190429G>A  p.S26L 0.04402516
DEDD 1 161094097 G A Silent g.chrl:161094097G>A p.V52V 0.04375
HSPA6 1 161495788 G T  Missense_ Mutation g.chrl:161495788G>T p.G447V 0.0617284
TPR 1 186342575 C T Missense Mutation g.chr1:186342575C>T p.E58K 0.04054054
FAMO98A 2 33813485 T C Missense Mutation g.chr2:33813485T>C  p.K147E 0.03589744
PDSS5A 4 39924289 G C Missense Mutation 2.chr4:39924289G>C  p.Q203E 0.06818182
CAGEI1 6 7339654 C T Intron 2.chr6:7339654C>T 0.075
ATGS 6 106740937 G A Missense Mutation g.chr6:106740937G>A  p.S94L 0.08860759
EFR3A 8 132988310 C G Nonsense Mutation g.chr8:132988310C>G  p.S399* 0.08571429
RPP30 10 92660338 A G Missense Mutation 2.chr10:92660338A>G p.T237A 0.046875
ILK 11 6631711 C T Missense Mutation g.chr11:6631711C>T  p.R410W 0.06306306
APLP2 11 130010337 G C Missense Mutation g.chr11:130010337G>C p.E640Q 0.06818182
HEATRSA 14 31872155 C T Silent g.chr14:31872155C>T p.LI9L 0.03249097
EIF5 14 103806854 G A Missense Mutation g.chr14:103806854G>A p.E388K 0.03875969
TMEM219 16 29982865 G A Silent 2.chr16:29982865G>A p.*241* 0.0617284
CYTHI 17 76705760 C T Missense Mutation g.chr17:76705760C>T p.R26K 0.05147059
SLC25A17 22 41166839 C T Silent g.chr22:41166839C>T p.*308* 0.1
HUWEI1 X 53560335 C G Missense Mutation g.chrX:53560335C>G  p.E4354Q 0.06818182

Table 1.1: Details of the 18 somatic mutations that are part of the mutation inferred from SCITE.

Next, we separated the cells into two categories in order to variable gene expression across the
phylogeny: early and late cells. The late cells generally at least 3-4 more genes mutated than early
cells. Because early cells precede the late cells in the evolutionary history of the tumor, we can
consider these as two sub-clones. We first assessed the oncogene (ERBB2/3, PIK3CA, CCND1)
and tumor suppressor gene (BRCA1/2, ATM, TP53) expression between the early and late sub-
clones (Figure 1.5A). We generally find increased oncogene expression and decreased tumor
suppressor gene expression in late vs. early sub-clones. In particular, we find 3X more CCND1
expression in late vs. early, while BRCA1/2 expression was about half in late vs. early in terms of
cell-averaged transcripts per million (TPM).

The advantage of this approach is the ability to perform differential expression (DE) across the
evolutionary history of the tumor in agnostic fashion. While this approach does not explicitly link
DE genes to somatic mutations, it highlights changes in the transcriptome during the tumor

evolution. To this end, we performed DE across the late vs early cells using a t-test. At FDR <10%
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and a logz-fold change greater than 1 in the late cells, we found 42 genes that are up-regulated in

the late cells. Despite 11 genes having missense mutations in our phylogeny, none of these genes

are strongly differentially upregulated in the late cells possibly due to nonfunctional amino acid

substitutions. However, we observe strong up-regulation of previously noted oncogenes, as well

as RAB3D which has been reported to promote breast cancer cell invasion and metastasis[30].

Using these 42 genes, we performed gene-set enrichment analysis (GSEA) and found 12 GO terms

with FDR < 5%. The most enriched categories were intermediate filaments, ATPase complex, and

plasma membrane related molecular annotations (Figure 1.5B).

@ Mutations
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Figure 1.4: Maximum-likelihood mutation tree inferred from SCITE. Dark red nodes are
mutations, and the green and blue nodes are single cells. Dashed red lines highlight a certain that

has an uncertain attachment point.
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Figure 1.5: Differential expression across the single-cell phylogeny. A) Expression patterns of
breast cancer specific oncogenes and tumor suppressor genes. B) Gene-set enrichment analysis
of 42 genes that are differentially expressed across the phylogeny.
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1.4 Discussion

Tumorigenesis is the gradual accumulation of somatic alterations in the genome, such as point
mutations and copy number variations. From an evolutionary biology perspective, these alterations
increase cellular fitness by providing proliferative advantage over cells without the alterations.
Reconstructing the evolutionary history of a tumor critical for understanding ITH and developing
personalized therapeutics. The gradual accumulation of alterations leads to change in molecular
and organismal phenotype, and here we have provided a framework for detecting changes in
transcriptome during tumorigenesis. Previous work has been done to reconstruct tumor phylogeny
from single-cell DNA-sequencing data. In a parallel fashion, other studies have performed analysis
of transcriptomic heterogeneity from tumor scRNA-seq data. This work builds on top of these
methods by combining genomic and transcriptomic data to study heterogeneity during
tumorigenesis, without the use of costly single-cell multi-omic sequencing data. However, there
are some inherent limitations. The bisected experimental design can lead to sampling mismatch

between the bulk DNA-sequencing data and the scRNA-seq data. Furthermore, somatic mutations
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in rare sub-clones may be undetected due to using a bulk DNA-sequencing assay. Finally, somatic
point mutations outside of coding regions are generally undetected due to the nature of RNA-seq,
therefore the method relies on a small fraction of somatic mutations for inferring the phylogeny.
Utilizing high-throughput 3’-based droplet scRNA-seq data can alleviate the aforementioned
sampling mismatch by sampling more cells, however the per-cell coverage is 2 orders of
magnitude less than that of plate-based scRNA-seq data which makes genotyping individual cells
particularly challenging. For scRNA-seq datasets with lower coverage, building single-cell
phylogenies using somatic copy number alterations is more likely and I leave this for future
researchers to further investigate

We defined two sub-clones based on the reconstructed mutation tree and performed DE to define
transcriptomic changes during tumorigenesis. Due to the low number of cells, the DE analysis was
underpowered leading to 42 genes being detected as differentially expressed. Increasing the
number of cells to the order of ~10? cells would alleviate the power issue. GSEA few enriched
categories due to the limited number of genes detected, however we do recover GO terms
associated with increased metabolism and increased cellular structural integrity owing to

intermediate filaments.
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CHAPTER 2: BENCHMARKING SINGLE-CELL AND SINGLE-
NUCLEUS TRANSCRIPTOMICS!

2.1 Introduction

The identification and characterization of cell types from solid tissues and organs in the human
body is the necessary basis for a comprehensive reference map of all human cells[31]. Single-cell
RNA-sequencing (scRNA-seq) has emerged as a key tool to decompose complex tissues into cell
types and states, and to investigate cellular heterogeneity. We have observed how scRNA-seq,
paired with WES, can help us interpret somatic mutations and their putative downstream effects
on tumorigenesis in Chapter 1. Profiling cellular heterogeneity using thousands of cells and
creating tissue level cellular maps require efficient and scalable scRNA-seq protocols. The
development of droplet-based approaches, such as Drop-seq, has enabled transcriptional profiling
of thousands of cells in parallel[5], [32]. However, Drop-seq requires suspensions of intact single
cells for library preparation which cannot be obtained for many tissues and cell types because of
extra-cellular matrix that may be hard to digest, fragile cell membranes, unusual cell morphology,
or large cell-size. This challenge may be addressed by adapting Drop-seq to single nuclei RNA-
seq (DroNc-seq[12]). DroNc-seq obtains gene expression profiles from isolated nuclei which are
more amenable for direct dissociation from tissues while maintaining membrane integrity. Both
approaches can be used to characterize cellular composition of complex tissues. Comparisons of

low-throughput, high-coverage single cell and single nucleus approaches suggest that both

1. Much of this chapter contains material from the paper: Systematic Comparison of High-throughput Single-Cell
and Single-Nucleus Transcriptomes during Cardiomyocyte Differentiation (doi.org/10.1038/s41598-020-58327-6),
which is currently published in Scientific Reports.
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methods capture the cellular composition of heterogeneous samples to a similar degree[33], [34].
However, direct comparisons of Drop-seq and DroNc-seq on matched samples have been limited
to cell lines[12] and, more recently, samples from mouse kidneys[35]. To establish a firm
understanding of the differences and similarities of Drop-seq and DroNc-seq, it is necessary to
compare these technologies across a spectrum of different biological conditions.

A crucial aspect of single cell RNA-seq approaches is to capture cellular heterogeneity associated
with expression changes during dynamic processes, for example during differentiation. In this
Chapter, we performed a systematic comparison of Drop-seq and DroNc-seq using time-course
data from human iPSCs differentiating into cardiomyocytes (CMs). This allowed us to compare
Drop-seq and DroNc-seq with respect to read depth, transcriptome composition, cell types detected,
and cellular differentiation trajectories. These assessments are important for integrative analyses
and interpretation of data produced using high-throughput single-cell and single-nucleus RNA-seq
in general, and with Drop-seq and DroNc-seq in particular. In addition, we confirmed that
inclusion of reads from intronic regions increases the sensitivity of DroNc-seq and improves
resolution in identifying cell types. Next, we applied DroNc-seq to frozen postmortem human heart
tissue to sample constituent cell types and compare them to CMs grown in vitro from human iPSC.
This work was conceived as part of benchmarking experiments to establish the applicability of
recent high-throughput single-nucleus RNA-seq for the Human Cell Atlas (HCA)[31]. By
identifying differences and similarities between Drop-seq and DroNc-seq, this study will aid
efforts such as the HCA that require the integration of single-cell and single-nucleus RNA-seq data

from various tissues and laboratories into a common platform.
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2.2 Methods

2.2.1 Bioinformatics of Drop-seq & DroNc-seq on iPSC-derived cardiomyocytes

To quantitatively assess the similarities and differences in transcription profiles from single-cell
and single-nucleus RNA-seq, we performed Drop-seq and DroNc-seq, respectively, on cells
undergoing iPSC to CM differentiation, following an established protocol[36]. To compare Drop-
seq and DroNc-seq across samples with different cellular characteristics and degrees of
heterogeneity, we collected cells from multiple time-points throughout the differentiation process
(days 0, 1, 3, 7, and 15) (Figure 2.1A). For each technique, we obtained samples from two cell
lines per time-point, except for time-point day 15 which contains cells from a single cell line.
DroNc-seq also contains a single cell line for day 1. Drop-seq and DroNc-seq samples for each
differentiation time-point were sequenced in a single run, with 150-200 million reads allocated per
sample.

A total of 17 sequencing runs were performed over the course of the differentiation. Each
sequencing run produced paired-end reads, with one pair representing the 12 bp cell barcode and
8 bp unique molecular identifier (UMI), and the second pair representing a 60 bp mRNA fragment.
We developed a lightweight and efficient Snakemake[37] protocol (Figure 2.2) that takes a
FASTQ file with such paired-end reads as input and produces an expression matrix corresponding
to the UMI of each gene in each cell. The protocol initially performs FastQC[38] to obtain a report
of read quality. Next, it creates a whitelist of cell barcodes using umi_tools[39] 0.5.3, which is a
list of cell barcodes with at least 30k reads. Next, each paired-end read is combined into a single
read where the read name contains the cell barcode and UMI extracted from paired end read 1, and
the sequence content corresponds to paired end read 2. This is done for every paired end read and
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placed into a single “tagged” FASTQ file. The tagged FASTQ file contains only the cell barcodes
found in the whitelist. Finally, the protocol trims the ends of reads to remove polyA sequences and
adaptors using cutadapt[40] 1.15. The tagged and trimmed FASTQ file is aligned to the human
reference genome (version GRCh38) using the STAR[28] aligner version 2.5.3, which returns a
BAM file sorted by coordinate. Next, we use featureCounts[41] version 1.6.0 to assign each

aligned read to a feature on the genome.
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Figure 2.1: A) Bisected experimental design. Two technical replicates from two iPSC cell-lines
were differentiated in-vitro and sampled at five timepoints. Drop-seq and DroNc-seq were ran in
parallel on technical and biological replicates. B) Distribution of reads mapped across the
genome from all RNA-seq experiments.

These features can be user-defined, but typically we are interested in quantifying the activity or
expression of a gene. Typical RNA-seq bioinformatics pipelines will quantify a gene’s counts by
aggregating all reads that overlap with the gene’s exons. Given the large proportion of DroNc-seq
reads that map to the intronic region of genes (Figure 2.1B), likely due to nascent RNAs, we
reasoned that incorporating these reads into quantifying gene expression can improve DroNc-seq
data quality. In order to incorporate introns into the counting process, the UMI count of a gene
was calculated as the sum of its exon and intron UMIs. GENCODE version 28 annotations contain

exon features and gene features but do not contain intron features. To derive an intron annotation
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file, we used exon and gene features. Exon regions were subtracted from gene regions (on the same
strand) and the remainder was counted as the intron region for said gene. Then the expression level
of a gene is given by the sum of the number of intron and exons.

In the final step of the pipeline, we use the count function from umi_tools to create a count matrix
representing the frequency of each feature (gene) in the BAM file. The pipeline is available
github.com/aselewa/dropseq_pipeline. A total of 17 count matrices were produced by this pipeline,

9 of which correspond to Drop-seq and 8 correspond to DroNc-seq.
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Figure 2.2: dropseqRunner pipeline schematic. FastQC is used to assess quality of paired-end
reads, and then the read 2 is tagged with barcode and UMI information from read 1. STAR is
used to align the reads and a count matrix is generated using featureCounts.

From each sequencing run, approximately 5000 cells were obtained with an average read depth of
30k — 40k per cell. Low quality cells were filtered based on the number of genes detected. A gene
was considered detected in a cell if there was at least 1 UMI present. Cells with less than 400 genes
and nuclei with less than 300 genes detected were removed. Low quality genes were also filtered
if they were not detected in at least 10 cells, in order to reduce noise and computation cost. The
total numbers of cells remaining were approximately 23,554 and 24,318 for Drop-seq and DroNc-
seq, respectively. After filtering, all expression matrices from Drop-seq experiments were merged

into a single expression matrix. The merging was done by taking the union of all genes. If a
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particular dataset did not contain a gene that is expressed in another dataset, we set the expression
level to zero in the first dataset. Similarly, all expression matrices corresponding to DroNc-seq
were merged into a single expression matrix. Both merged matrices were processed and analyzed
separately downstream. Seurat[42] was used to perform normalization, clustering, and cell type

analysis. R scripts used for the analyses in this paper are documented at github.com/aselewa/czi.

2.2.2 Statistical analyses of Drop-seq and DroNc-seq

Normalization and Data Transformation

Having processed the single-cell count matrices and performed quality control, the first step in the
clustering analysis of single-cell data is normalization and data transformation. The purpose of
normalization is to remove technical variation across single cells, such as varying sequence depth
or library size. A common strategy is computing counts-per-million (CPM), where the counts of
each gene are divided by the cell’s library size, and then scaled by 10°. Another common method
that builds on CPM is the transcripts-per-millon (TPM), where a gene’s counts is divided by the
gene’s length and the cell’s library size. Indeed, TPM is widely used with bulk RNA-seq assays
where the full transcript length is sampled and therefore gene length will bias the gene counts. For
droplet-based RNA-seq such as Drop and DroNc-seq, only the 3° end of the transcript is sampled
and total gene counts are not biased by gene length. Therefore, we normalize the Drop-seq and
DroNc-seq by only considering the library size, however, we use a scaling value of 10* which
yields TP10k (transcripts per 10k) values. A pseudo-count of 1 was added to all scaled values
followed by a data transformation. Traditional clustering algorithms, such as hierarchical
clustering and k-means, cannot be directly applied to RNA-seq count data because they tend to

follow an over-dispersed Poisson or negative binomial distribution. Therefore, we need to
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transform the data in order to have a distribution closer to the normal distribution and one such
simple transformation is the logarithm. After the log-transformation, the values were standardized,
i.e. mean-centered and scaled such that each gene has unit variance. These log-normalized, and
standardized data were used in downstream analyses to perform dimensionality reduction and
reconstruction of differentiation trajectories.

Clustering methods that rely on Euclidean distance such as hierarchical clustering tend to perform
poorly with single-cell RNA-seq methods due to the high sparsity levels imposed by the curse of
dimensionality in single-cell datasets. One way to circumvent this is to reduce dimensionality and
aggregate expression across genes whose expression is highly correlated. A popular technique to
reduce dimensionality of RNA-seq data is principal component analysis (PCA). The principal
components (PCs) describing most of the variation in the data are chosen as features for clustering
analysis. Prior to PCA, Seurat calculates the gene dispersion vs. mean expression in order to obtain
a subset of highly variable genes, which reduces the computational time of PCA compared with
using the entire subset of genes identified in the experiment. Highly variable genes were selected
based on a threshold of 1.5 for the dispersion level and a minimum mean expression level of 0.15
(on log scale) yielding 400 genes and 350 genes with Drop-seq and DroNc-seq, respectively. These
highly variable genes were used to calculate PCs for Drop-seq and DroNc-seq data. The top 7
principal components, which explained 60% and 70% of variation for Drop-seq and DroNc-seq,
respectively, were used to perform clustering.

Clustering Analysis

As mentioned above, hierarchical clustering is widely used for RNA-seq clustering, however the
computational complexity does not scale well with the number of samples. In the case of

hierarchical clustering, the computational complexity is O(kn?) where k is the number of desired
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clusters, and n is the number of samples. High throughput scRNA-seq datasets such as those from
Drop-seq and DroNc-seq are capturing cells from an unprecedented number of cells or samples.
Other methods such as k-means has linear computational complexity O(kn) and generally scales
well, however, k-means relies on a fixed number of clusters and assumes equal shape and density
of clusters. As an alternative, there has been much interest in applying graph-based clustering
methods to scRNA-seq data. Graph-based methods have a smaller memory footprint, do not make
assumptions about the number of clusters, and have been reported to outperform other clustering
methods in many situations[43]. In graph-based methods, a k-nearest-neighbors graph is
constructed were each node is a cell and the edges correspond to weights of similarity between
two nodes. A greedy optimization algorithm called the Louvain method[44] is used for identifying
communities or clusters in large networks. The algorithm works by portioning cells into a variable
number of groups such that the Louvain modularity is maximized. The Louvain modularity is
maximized by minimizing with-in cluster distance and maximizing between-cluster distance. The
main parameters required by the Louvain method are k (for the KNN graph, not to be confused
with k-means), and the resolution parameter which controls the granularity of the clusters. This
method is implemented in the FindClusters method within Seurat and we apply this function to the
top PCs for Drop-seq and DroNc-seq.

In order to adopt a criterion for choosing the resolution, we turned to the SC3 stability index[45].
The stability index compares a cluster at a particular resolution with all other clusters at all other
resolutions. If the cluster being evaluated undergoes splitting for all changes of resolution, then it
will be evaluated as relatively unstable. The stability index ranges from 0 to 1 denoting less stable
to more stable, respectively. We ran the Seurat FindClusters algorithm for a range of resolutions

from 0.01 (2 clusters) to 0.4 (12 clusters), and computed the stability index for each cluster and
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each resolution (Figure 2.3). At each resolution, we took the mean stability across all clusters. The
resulting stability profiles are shown below for DroNc-seq and Drop-seq. We used kernel
regression in R (ksmooth function) to fit a line to the data. From these results, we see that mean
stability is maximum near resolutions of 0.11 and 0.14 (red dashed line) for DroNc-seq and Drop-
seq leading to 5 and 6 clusters, respectively. Importantly, the small differences in resolution
parameters do not lead to any changes in number of clusters discovered and cell assignments to
clusters. Therefore, we used a resolution parameter of 0.13 and & value of 30 to obtain 6 clusters
in Drop-seq and 5 clusters in DroNc-seq. The clustering results were visualized with the Uniform
Manifold Approximation and Projection (UMAP[46]), which produced a 2-dimensional
visualization of the data. We also performed tSNE on the same data using a perplexity of 50 and
found that UMAP captures more of the global structure in the data, as previously reported[47]. A
minimum distance of 0.5 and 0.6 were used in UMAP for Drop-seq and DroNc-seq, respectively.

Differential Expression

In order to determine interpret the clusters and assign cell types or cell states, we performed
differential expression analysis using the FindAllMarkers function and negbinom test in Seurat.
This identifies differentially expressed genes between every two groups of cells using a likelihood
ratio test of negative binomial generalized linear models. The Seurat’s negbinom test yields
relatively low false positive rates for differential expression analyses, compared with other
parametric methods[48]. The p-values were adjusted for multiple testing using the Bonferroni
correction. Furthermore, as we were only interested in upregulated genes as these will define the
cell type, we ordered genes in each cluster, by their average log-fold-change (logFC) in descending
order. Marker genes were identified based on functional annotations as these genes associated with

cell types have a large fold-change in expression.
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Figure 2.3: Cluster stability analysis for DroNc-seq and Drop-seq.

2.3 Results

2.3.1 Comparison of RNA-types between Drop-seq and DroNc-seq
Overall, Drop-seq shows a higher number of genes and transcripts detected compared with DroNc-
seq, reflecting the greater abundance of transcripts in the intact cell, compared with the nucleus
alone. For our analyses, we selected cells and nuclei with at least 400 and 300 detected genes (at
least 1 UMI), respectively. After filtering, the mean number of genes detected per cell and per
nucleus are 962 and 553, and the mean numbers of UMI per cell or nucleus are 1474 and 721 for
Drop-seq and DroNc-seq, respectively. Based on the above cut-offs, we detected a total of 25,475
cells and 17,229 nuclei across all cell lines and time-points for Drop-seq and DroNc-seq,
respectively. Both cell lines were present at each time-point in the filtered datasets. Using raw
RNA-seq reads, we found that top expressed genes in Drop-seq comprised of mitochondrial and
ribosomal genes, while the top gene in DroNc-seq was the non-coding RNA, MALAT1. We also

compared genes detected in both protocols and found 273 genes that were only detected in DroNc-
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seq. Out of these 273 genes 107 (39%) were long non-coding RNAs, which confirms that DroNc-
seq is specifically sensitive to transcripts which often show strong nuclear localization.

To identify systematic differences in gene-specific detection rates between Drop-seq and DroNc-
seq, we obtained differentially expressed genes (DEGs) between the two techniques for matched
time-points and cell lines. As a comparison, we also performed differential gene expression
analyses between time-points and between cell lines within each technique. We detected
substantially more genes with differential expression between the two techniques than we observed
between different time-points or cell lines (Figure 2.4A). The differentially detected genes directly
reflect the sampling differences in cellular components for the two techniques. GO analysis on
DEGs between Drop-seq and DroNc-seq revealed functional annotations associated with the
sampling of different cellular components of the two techniques (Figure 2.4B). In particular, 5%
of genes detected at higher levels in DroNc-seq were IncRNAs (compared to 1% in Drop-seq),
while 20% and 6% of genes detected at higher levels in Drop-seq were mitochondrial and

ribosomal transcripts, respectively (Figure 2.4C).

2.3.2 Incorporation of intronic reads
In addition to the differences in the number of genes detected in Drop-seq and DroNc-seq, DroNc-
seq captures a significantly higher fraction of intronic reads compared with Drop-seq (Figure 2.1B).
Up to 50% of the reads from DroNc-seq mapped to intronic regions, while for Drop-seq, only 7%
of reads were intronic. This discrepancy between the two techniques is expected and likely caused
by the sampling of unprocessed transcripts that are enriched in the nucleus. Intronic reads will be
detected if the transcript was not fully processed before capture by the polydT primer. In addition,

internal priming[49] on polyA stretches might lead to further sampling of introns. In order to
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understand the sources of intronic reads in our dataset, we scanned the genome for polyA stretches
that are at least 5 bp long, and counted their frequency within and around each read with 20 bp
flanking regions. We found that approximately 40% of the intronic reads and their 20-bp flanking
regions contained at least one polyA stretches and that these polyA stretches were specifically
enriched towards the 3’ end of reads (Figure 2.5A). This suggests internal priming as a contributing
mechanism for intronic read sampling. RNA-seq reads aligning to introns have been used to
quantify gene expression levels previously[34], [35],[50]. Indeed, incorporating intronic reads to
quantify gene expression level improves the gene detection rate in DroNc-seq by ~1.5 times on
average (Figure 2.5B). This increase in detection rate leads to recovery of gene expression for cells
which would otherwise not be detected, as demonstrated by examples from mesoderm and cardiac
genes (Figure 2.5C). These data suggest that inclusion of introns can be used to compensate for
the smaller amount of nuclear RNA compared with whole cells. Accordingly, we incorporated
intronic reads into our analysis pipeline to improve gene detection rates in DroNc-seq. After intron
inclusion, we recovered 1.5 times more nuclei, bringing our total to 25,429 nuclei using a minimum
of 300 genes detected per nucleus. In addition, the mean number of UMI per cell increased from

721 to 918, while the mean number of genes detected per cell increased from 553 to 672.
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Figure 2.4: Systematic comparison of Drop-seq and DroNc-seq data. A) Differential expression
between cell lines, days, and between the two modalities. B) Fraction of differentially expressed
genes (DEGs) as long non-coding RNAs (IncRNAs), mitochondrial RNAs, ribosomal RNAs. C)
Gene-set enrichment analysis on the DEGs between Drop-seq and DroNc-seq.

2.3.3 Communities detected in Drop-seq and DroNc-seq

Next, we tested if the differences between Drop-seq and DroNc-seq in the number of detected UMI
and enriched gene sets lead to inconsistent detection of cell types and variation in the inferred
differentiation trajectory. To infer cell types found with Drop-seq and DroNc-seq data, we
performed clustering of cells separately for each technique as outlined in Section 2.2.1. Cell types
were assigned to clusters based on comparison of genes that are significantly upregulated in the

cluster to known marker genes. All genes were tested for differential expression using a negative
34



binomial likelihood ratio test within the Seurat package and p-values were adjusted for multiple
testing using Bonferroni correction. For each cluster, we ordered genes by their average log-fold-
change (logFC) in descending order to identify marker genes, as genes associated with cell type
have a large fold-change in expression. Note that p-values (raw and adjusted) for all marker genes
are small (adjusted p < 107). We used the top marker genes for each cluster to identify cell type
specific genes (Table 2.1). The cluster formed by cells from early time-points day 0 and day 1
contained pluripotent stem cells (Figure 2.6 A,B , ‘iPSC’, orange cluster), in agreement with the
expression of characteristic markers such as DPPA4 (Figure 2.6 C,D). Cells harvested on day 3
mostly formed a separate cluster (‘Cardiac progenitors’, green cluster) composed of cells
expressing markers concordant with cardiac progenitors (e.g. expression of EOMES (logFC=1.08),
a mesendoderm progenitor marker gene). For days 7 and 15 the clusters of cells profiled by Drop-
seq and DroNc-seq showed slight differences and we detected four clusters in Drop-seq compared
to three for DroNc-seq, indicating that Drop-seq might be more sensitive towards detection. Drop-
seq and DroNc-seq identified three clusters of ostensibly similar cell types. Two of these clusters
contained cells predominantly expressing markers of CMs, including MYH6, TNNT2, MYL, and
MYBPC3 (Figure 2.6 A,B, cyan cluster, ‘Cardiomyocyte 1’ and blue cluster, ‘Cardiomyocyte 2°).
We also detected a cell cluster that expressed cardiac markers alongside markers of other lineages
(e.g. FOXA2 and TTR, pink cluster, ‘Alternative lineage 1’). Figure 2.6 C and D show the
expression of all markers discussed above. Drop-seq revealed an additional smaller cluster (purple,
‘Alternative lineage 2’, expression of FLT1) for which we did not find an equivalent cell
population in DroNc-seq. These ‘Alternative lineage’ clusters might represent cells at intermediate
stages, failures of differentiation, or differentiation towards alternative lineages. This

heterogeneity and the detection of mesendodermal and endodermal cell populations, including
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endothelial cells, is in agreement with previous scRNA-seq data obtained during iPSC to
cardiomyocyte differentiation[51]. We also compared the pseudo-bulk profiles of iPSCs and CMs

with external bulk assay RNA-seq and found Drop-seq to better capture bulk gene expression as

expected (Figure 2.6E).
Markers Cell type Prevalence | Prevalence | Drop-seq DroNc-seq
(Drop-seq) | (DroNc- Only Genes Only
seq) (top 5) Genes (top 5)

DPPA4 iPSC 48.9% 52% SFRP2, RIMS2,
AC025465.1, | RPLS,
ESRG, GOLGAA4,
CACNAD2D3, | EIF4A2,
BDNF-AS SET

EOMES Cardiac 23.3% 18.2% CER1, LHX1, | GRIB2B,

APLNR Progenitor CYP26AI, AL3365295.1,
IRX3, MT- IL1RAPL2,
TS2 KCNQS5,

NRX3

MYHG6 Cardiomyocyte | 16.1% 5.6% MYL3, NPPA- | AC012574.1,

TNNT2 1 AS1, NPPA, AC105233.5,
ACTN2, MYOID,
TNNCI ARHGAP42,

CDK14

MYH6 Cardiomyocyte | 4.2% 12.7% AMBP, KCNH?7,

TNNT2 2 APOA2, ERBB4,

AFP SERPINF2, ZBTB20,

SERPINALI ITIH2, NRG3,
SERPINAS KCNQ5

TTR Alternative 5.9% 11.3% GATA3, EWSRI1,

FOXA2 Lineage 1 S100A14, PTBP2,
HHEX, ZMYM2,
FLIRT3, LUCTL,
EPSTIL1 LINCO01876

CD34 Alternative 1.4% 0% CRHBP, None

SCARF1 Lineage 2 GNGl11,

FLTI SOST, TFPI12,
AC007319.1

Table 2.1: Marker genes used to assign cell type identity to each cluster.
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Figure 2.5: Effect of inclusion of intronic reads on gene expression. A) Strand-specific enrichment
of polyA motifs for reads mapped. B) Gene detection rate with and without intronic reads for Drop-
seq and DroNc-seq.
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Figure 2.6: Results of clustering analysis on Drop-seq and DroNc-seq. A,B) UMAPs with color
representing cell types. C,D) UMAP with marker gene expression overlaid. E) Pearson correlation
of iPSC and CM pseudo-bulk with bulk assay data.

2.4 Discussion

Building a cell atlas of the human body requires the expression profiling of all human tissues from
a range of different samples, including tissues that are hard to dissociate, composed of fragile cells,
and frozen specimens, all of which are incompatible with single-cell RNA sequencing. As an
alternative, DroNc-seq, a high-throughput single-nucleus RNA sequencing protocol, has the
potential to reveal tissue heterogeneity, at scale, based on nuclear RNA, and is being increasingly
used to profile primary tissue at high throughput. However, it is unclear how DroNc-seq compares
with earlier single-cell RNA-seq protocols like Drop-seq across a range of different cell types and
tissues. Previous studies have performed cell type comparisons using nuclear vs. whole-cell RNA
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using full-length mRNA sequencing assays at low throughput[33], [34]. Drop-seq and DroNc-seq
have been compared using adult mouse kidneys cells[35]. We performed a direct comparison of
high-throughput, single-cell (Drop-seq) and single-nucleus (DroNc-seq) RNA-seq using iPSCs
differentiating into CMs. This study enabled us to compare cell type detection, transcriptome
profiling and infer cellular communities with two complementary high-throughput techniques,

using an in vitro model of CM differentiation.

As expected, the number of UMISs per nucleus in DroNc-seq are lower than those for cells in Drop-
seq. Consequently, the gene detection rate in DroNc-seq was significantly lower than for Drop-
seq. However, given the high number of reads in DroNc-seq that mapped to intronic regions we
reasoned that inclusion of such reads might increase the gene detection rate. Indeed, intron
inclusion significantly increased the sensitivity of DroNc-seq and generally improved cluster
separation in agreement with previous studies[33]-[35][50]. In particular, the separation between
iPSCs and Cardiac Progenitors became clearer after the inclusion of introns, while the change in
separation for other clusters was negligible. We also found that the inclusion of introns increased
gene detection rate in single nuclei samples. Of note, a significant proportion of the intronic reads
seems to originate not from transcripts primed at the 3’ end but from direct priming to polyA
stretches in introns[49]. While such reads still scale with the expression level of a transcript, the
assumption that transcript levels are uniquely quantified by a single UMI may be violated in these

casces.

Given the difference in input material, i.e., cellular vs. nuclear RNA, it is not surprising that we

found a significant proportion of genes that are differentially expressed between Drop-seq and
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DroNc-seq samples. Some of the most highly enriched sets of genes reflected the technical
differences between the two technologies. Genes specifically enriched in Drop-seq are ribosomal
and mitochondrial. DroNc-seq presumably loses these transcripts that are predominantly localized
in the cytoplasm. Conversely, as a class, IncRNAs are enriched in DroNc-seq which agrees with

the nuclear localization of many of them.

Expression profiles in Drop-seq and DroNc-seq confirmed the differentiation of iPSCs into CMs
and revealed major cell types found within the in vitro differentiation model of iPSC-CMs. These
data also confirmed heterogeneity observed during differentiation. Drop-seq and DroNc-seq
detected a population of cardiac progenitors with cellular prevalence 23.3% and 18.2%,
respectively. They also both detected two clusters representing CMs: cardiomyocyte 1 (16.1% and
5.6% prevalence) and cardiomyocyte 2 (4.2% and 12.7% prevalence). Both methods also revealed
a population of cells, ‘Alternative lineage 1°, that might represent alternative fate or that failed to
reprogram fully, which accounted for 5.9% and 11.3% of all cells in Drop-seq and DroNc-seq,
respectively. The presence of non-CMs during late-stage is expected for the in vitro differentiation
model and has been observed previously[51]. Accordingly, the proportion of cells differentiating
into CMs expressing TNNT2, assessed by FACS, varies widely between 20-80%][36]. Based on
our cell type assignment in Drop-seq data, we obtained 28% and 29% cardiomyocytes on day 7

for the two cell lines and 70% CMs on day 15 for cell line 2, which fall within the expected range.

Drop-seq revealed an additional smaller cluster (purple, ‘Alternative lineage 2’°, expression of
FLT1 and comprising 1.4% of the total population) for which we did not find an equivalent cell

population in DroNc-seq. The reasons behind the failure of DroNc-seq to identify the small
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fraction of cells identified as ‘Alternative lineage 2’ in Drop-seq may be due to the lower capture
rate of DroNc-seq (mean number of detected genes was 672) compared to Drop-Seq (mean number
of detected genes was 962) which might result failure of the clustering approach to resolve this
sub-population in DroNc-seq, or due to the preferential loss of the particular cell type arising from
DroNc-seq’s nuclei dissociation protocol. The mean number of genes detected in this
subpopulation in Drop-seq was 1032, representing the cluster with the highest gene detection rate.
It is possible that this facilitated the detection of this cluster in Drop-seq while the lower detection
rate in DroNc-seq combined with the small number of cells corresponding to this cluster in the
sample lead to the loss of this population during clustering. However, we cannot rule out specific
loss or selection biases for of the cell type introduced during DroNc-seq sample preparation. This
comparison of Drop-seq and DroNc-seq demonstrates the capability of DroNc-seq in dissecting
the multicellular environment within a complex tissue such as the heart, which would otherwise
not be possible with Drop-seq. We expect that DroNc-seq will be used to perform high-throughput
transcriptomic profiling of tissues for which it is difficult to obtain suspensions of intact single

cells and aid in initiatives such as the Human Cell Atlas and the Human Tumor Atlas.
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CHAPTER 3: SINGLE-CELL EPIGENETICS FOR INTERPRETING
COMPLEX TRAITS

3.1 Introduction

Common genetic variants, or SNPs, can affect molecular and organismal traits through disruption
of regulatory mechanisms. Genome-wide association studies (GWAS) have identified thousands
of loci for hundreds of diseases and physical traits, including cardiac diseases[3]. Cardiac diseases
impose a significant health burden world-wide. GWAS have provided important insights into the
biology of many complex cardiac traits by identifying putative disease genes and pointing to
disease-relevant pathways. For instance, pathogenic variants associated with LDL cholesterol
levels and coronary artery disease (CAD) have helped redesign therapeutic strategies for these
diseases[52]. Recently, large-scale GWAS have been applied to study electrocardiographic traits
such as PR, RR, and QT intervals, and complex arrhythmias such as atrial fibrillation (AF).
However, the task of translating GWAS hits into molecular mechanisms that explain disease risk
and etiology still poses several formidable challenges for the field.

Identifying the causal variants that are underlying the associations found in GWAS is a common
problem and is of great interest for dissecting the genetic architecture of complex traits. Because
of extensive linkage disequilibrium (LD) in the human genome, a single causal variant can
generate spurious associations in nearby SNPs that are in LD. Furthermore, the index or lead SNP,
defined as the SNP with most significant association, is not always the causal SNP due to
differential power to detect associations across SNPs as a result of variance in allele frequencies.
One common way to address this challenge is to identify functional variants in disease-associated

loci, which is made possible by functional genomics data that annotate the non-coding genome
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which houses the majority of strong GWAS variants. It is believed that most of these non-coding
variants are regulatory variants[53] that alter the activity of a gene-product by modulating the
abundance of the gene-product through regulatory mechanisms. Given epigenomic annotations
from functional genomics data, candidate variants in trait-associated loci can be prioritized based
on their locations within regulatory elements. Bayesian fine-mapping approaches estimate the
probability that a variant is causal and utilize SNP prior probabilities based on such functional
annotations. Despite these advances, narrowing down to a single or few causal variants remains
challenging. Regulatory elements and their activities are highly dynamic across tissue, cell-
type/state, and across environmental stimuli[4]. Large consortia such as ENCODE provide
epigenetic data spanning multiple primary tissues which helps bridge the gap, however cell-type
resolved epigenetic data is still lacking for most tissue types.

We hypothesized that identification and characterization of cell-type-specific regulatory elements
active in the human heart in vivo facilitates the interpretation of complex cardiac traits. Single-cell
genomics approaches are powerful techniques for such studies because they can deconvolve
complex cellular mixtures into their constituent cell types and characterize them at molecular level.
Large-scale mapping of cell-types and -states revealed a remarkable cellular diversity in the adult
human heart, demonstrating that normal cardiac function depends on the finely tuned interplay of
multiple cell-types. This complexity highlights the importance to identify the cell types in which
genetic variants exert their effects.

To test our hypothesis and characterize the distribution of GWAS SNPs within cell-type-specific
regulatory features, we generated a cell-type resolved atlas of chromatin accessibility and gene
expression in the human heart. We used these data to define cell-type-specific regulatory features.

We observed strong enrichment of heart-related GWAS variants in cell-type-specific regulatory

43



elements. We used cell-type specific chromatin accessibility as functional priors in statistical fine
mapping of 122 blocks in atrial fibrillation GWAS summary statistics.

Statistical fine-mapping approaches such as our own are focused on narrowing down on the
underlying causal variants. However, narrowing down to a single or few causal variants remains
challenging. For example, in a high-powered GWAS of type 2 diabetes (T2D), only in a quarter
of associated loci, the credible sets (the union of all SNPs that, with high probability, contains the
causal signal), have less than 10 SNPs[54]. One way to address this challenge is to combine signals
from SNPs likely targeting the same genes. The intuition is that, after fine-mapping a locus, we
may still have a large uncertainty of exact causal variant, but if most of candidate variants target
the same gene, then that gene is likely to be the risk gene at the locus. This strategy will both
increase the statistical signal and provide more interpretable results. We thus developed a
computational procedure that summarizes statistical evidence from GWAS fine-mapping at the
level of genes. Applying this approach to AF GWAS, we identified multiple genes that are likely
altered by AF-associated variants, such as TBX5 and ETV1, the transcription factors that are
believed to be key for cardiomyocyte development and function. Furthermore, the genes identified

are enriched among the differentially expressed genes in cardiomyocytes.

3.2 Methods

3.2.1 Application of scATAC-seq and scRNA-seq on adult heart tissue
Tissue samples were obtained from the left and right ventricles (LV and RV), the interventricular
septum, and the apex of three adult male donors. We isolated nuclei and purified these using
fluorescence-activated cell sorting (FACS) to remove debris and minimize contamination from

ambient RNA. We generated a total of 12 snRNA-seq and 12 scATAC-seq libraries using the
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Chromium (10x Genomics) platform followed by high-throughput sequencing. Single-cell RNA-
seq data were processed using dropseqRunner as described in Section 2.2.1. We utilized intronic
and exonic reads when quantifying gene expression as discussed in Chapter 2. We combined all
12 expression matrices into a single Seurat object and kept track of the corresponding metadata
such as donor and anatomical region. To account for low-quality nuclei, we removed barcodes that
contained less than 1000 UMI. We also used DoubletFinder[55] v2.0.3 with hyper-parameters pN
= 0.015 and pK = 0.005 to estimate doublets, which works by generating in-silico doublets and
performs clustering to identify nuclei that fall in the neighborhood of the simulated generated
doublets. After quality control, we retained a total of 49,359 nuclei with a range of 1,506-7,356
nuclei per sample.

We processed the snATAC-seq in an analogous fashion. FastQ files from 12 sequencing
experiments were individually processed using CellRanger-atac v1.2.0. We used the command
“cellranger-atac count” to align the FastQ files to human reference genome Hg38, followed by
marking and removing duplicate reads, and produced a fragments file containing the mapped
location of each unique fragment in each nuclei. We used ArchR[56] v0.9.5 to further pre-process
the data and perform downstream analyses. ArchR (Analysis of Regulatory Chromatin in R)
provides an efficient and scalable platform for complex snATAC-seq analyses such as
dimensionality reduction, clustering, marker feature identification, transcription factor (TF)
enrichment, TF foot printing and other utilities. ArchR takes as input BAM or fragment files, both
of which are returned by CellRanger-atac, and stores the single-cell data in a compressed and
memory efficient format on disk using HDF5. ArchR outperforms other packages such as
snapATAC[57] and Signac[58] in speed and memory usage across routine analysis such as

clustering and marker feature identification.
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Using ArchR, we converted the fragments file into a tile matrix, which is a bin-by-barcode Tn5
insertion count matrix, using a bin-size of 500 bp. The tile matrix is preferable to a peak-by-cell
matrix, which is commonly used in other tools as a starting point, because rare cell-types may have
cell-type specific peaks that are not captured by bulk peak calls. ArchR also generates a gene score
count matrix which aggregates the TnS5 insertion counts at each gene’s promoter site for all genes
in GENCODE v29. The gene score count matrix is also called the gene activity matrix, and it is
analogous to gene expression. Indeed, gene expression and gene activity are highly correlated. To
account for low quality nuclei, we kept nuclei with at least 5,000 unique fragments and a TSS
enrichment score of 6. We also used ArchR’s doublet removal scheme with default parameters,
which is based on in-silico doublet generation, to remove nuclei with a doublet enrichment score
greater than 1. After quality control, we retained a total of 26,714 nuclei with a range of 1,000-

4,873 nuclei per sample.

3.2.2 Inferring cell-type resolved regulatory programs from snATAC-seq
In this section, we outline the procedure for inferring cell-types, using both snRNA-seq and
snATAC-seq, and then define open chromatin regions (OCRs) for each cell-type. We performed
normalization, dimensionality reduction, and unsupervised clustering on snRNA-seq and
snATAC-seq data in order to map cell-types. For snRNA-seq, we used Seurat’s workflow as
described in Section 2.2.1. Briefly, Seurat begins with converting counts to log2 TP10k values
using the NormalizeData function. Next, we found the top 2000 variable genes using
FindVariableGenes and used these genes as input features for PCA. We computed the top 30
principal components (PCs) for each cell and used these for downstream analyses. We observed

batch effects due to different donors, and we decided to correct this batch effect because we are

46



not interested in biological differences between donors in this study. To this end, we used the
RunHarmony function from the Harmony[59] v1.0 package with default parameters in order to
regress out the donor variable from the PCs. Next, we used the FindClusters with a resolution of
0.2 on the harmony-corrected PCs to define clusters. We computed the corresponding UMAP to
visualize the harmony-corrected PCs in two dimensions and used the set of canonical markers
listed in Table 3.1 in order to map clusters to cell types.

We also performed cell-type mapping for snATAC-seq using ArchR. We performed
dimensionality reduction on the tile matrix using the top 20,000 bins in terms of count across all
cells. We used the function addlIterativeLSI with 2 iterations in order to perform latent semantic
indexing (LSI) on the snATAC-seq tile matrix and retained the top 50 LSI vectors. Similar to
snRNA-seq, we observed batch effects across different donors, and opted to remove this effect
using the RunHarmony function. We used addClusters with resolution = 0.2 in order to cluster
nuclei based on the harmony-corrected LSI vectors. addUMAP with min.dist = 0.4 was used to
compute a 2-dimensional representation of the harmony-corrected LSI vectors. We visualized gene
activity scores using the same marker genes (Table 3.1) as in snRNA-seq in order to assign clusters

to cell-types.
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Cell Type Marker

TTN
Cardiomyocytes TNNT2
MYH7
MYBPC3
Pericyte RGSS
ABCC9
Smooth Muscle MYHII
TAGLN
Fibroblast DCN
PDGFRA
Endothelial PECAMI
VWF
Neuronal PLP1
) CDAS
Lymphoid
ymp LCK
Myeloid CD14
FOLR2

Table 3.1: Marker genes used to identify cell-types in snRNA-seq and snATAC-seq.

Having defined the cell-types, we next outline the procedure for calling OCRs. Insertion read
counts were aggregated across all cells in each cell-type to form a cell-type pseudo-bulk and peak
calling was performed on each cell-type pseudo-bulk. Using the function addReproduciblePeakSet
in ArchR in conjunction with MACS2, a union set of 352,900 OCRs were called in total across all
cell-types at 10% FDR. This set of peaks is our basis set of regulatory features and was used for
all downstream analyses.

In order to discover cell-type specific OCRs, a single-cell insertion count matrix was created using
the function addPeakMatrix in ArchR. Cells were grouped into their respective cell-types and
differential accessibility (DA) analysis was performed in a one-vs-all fashion. To perform DA, we

used getMarkerFeatures in ArchR with default parameters, which uses the Wilcoxon rank-sum test
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on the log-normalized insertion count matrix. In order to control for technical variation, cells from
the cell-type group and the remaining group are matched in terms of TSS enrichment and number
of fragments. Using an FDR < 1% and a logy fold-change > 1, we found about 47%, or about half,
of the union set to be cell-type specific. The features obtained from DA are not guaranteed to be
cell-type-exclusive because DA only yields features that are more accessible in one cell-type
relative to all the others combined. Therefore, it possible for a feature to be up-regulated in two
cell-types. However, we find that the set of DA OCRs for each cell-type are approximately disjoint,
with an upper limit of 6% sharing between the OCRs of any two cell-types. We also defined cell-
type-shared peaks and peaks that were not in the cell-type of interest. To do this, we started with
the union set of peaks, and removed peaks that were cell-type specific, according to the DA
analysis above. The remaining peaks were considered shared or not relevant to this particular cell-
type.

Having defined the cell-type-specific OCRs, we sought to characterize the transcription factors
(TFs) that are potentially actively binding in each cell-type. To this end, we obtained sequence
motif coordinates of approximately 870 human TFs from CisBP[60]. We used ArchR to estimate
the enrichment of each TF within the specific OCRs of each cell-type using a simple
hypergeometric test. We realized that this approach will lead to high enrichment of degenerate
motifs by chance. To narrow down the list of TFs that are potentially active, we performed a
correlation analysis between the motif accessibility of each TF, and the gene activity score of each
TF. We expect that TFs being transcribed should also be binding to their motif sequence in the
genome. The correlation was performed across meta-cells, which are pseudo-bulk aggregates of

approximately 100 nearest neighbors. Using an enrichment with FDR < 1% in at least one cell-
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type and |correlation| > 0.5, we find a total of 158 TFs that are putatively active. We reference

these TFs later when investigating the functional effects of GWAS SNPs.

3.2.3 Fine-mapping GWAS summary statistics using functional priors

In this section, we outline the procedure of obtaining GWAS summary statistics for multiple traits
and performing enrichment analysis of cell-type-resolved OCRs. Finally, we outline the fine-
mapping procedure based on functional priors generated during the enrichment analysis. We
obtained harmonized GWAS summary statistics from the IEU OpenGWAS project for
cardiovascular and non-cardiovascular disease traits, as well as non-disease traits. Each set of
summary statistics were further harmonized by utilizing the finemappeR R package developed and
maintained by Alan Selewa and is available at github.com/aselewa. The provided script first cleans
the summary statistics by removing SNPs with missing values, SNPs on non-autosomal
chromosomes, and indels. Utilizing LD blocks generated by ldetect[61], we assign each SNP to
one of 1703 approximately independent regions. Finally, we add population-matched genotype
data to each SNP by utilizing the 1000 Genomes Project[62]. These out-of-sample genotypes will
be used for estimating LD between SNPs for fine-mapping.

Next, we estimated the fold-of-enrichment of cell-type-specific OCRs in the summary statistics of
multiple traits, including AF. For this, we employed a Bayesian hierarchical model TORUS[63].
TORUS takes as input GWAS summary statistics and genomic annotations (here we use OCRs),
and for each annotation outputs enrichment estimates that correspond to estimates from a logistic
regression: the additive change in log odds for a variant being causal, conditioned on all other

annotations being held constant. Furthermore, TORUS also constructs SNP-level prior probability
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of causality during the enrichment estimation, which we will utilize for functionally-informed fine-
mapping.

Based on the enrichment patterns, we opted to perform fine-mapping on AF using functionally
informed priors using the union set of OCRs. Fine mapping was performed using a summary
statistics-based version of the “Sum of Single Effects” model (SuSiE[14]). In particular, we used
the susie_rss function to fine-map each LD block, which takes GWAS z-scores and an LD matrix
for the SNPs in the block. Because only summary statistics are available publicly, we used out-of-
sample genotype information to construct LD matrices. In particular, we used the 1000 Genomes
European panel of genotypes to compute LD. We ran SuSiE in L = 1 mode, which returns a single
causal event for each LD block and is fairly robust to mismatching LD patterns. The prior
probability of each SNP being causal was generated by TORUS using a joint-model of the
following annotations: CM specific OCRs, CM shared OCRs, non-CM OCRs, UCSC
conserved/coding. We fine-mapped a total of 121 LD blocks for atrial fibrillation, each containing

at least 1 SNP at genome-wide significance (P <5 x 10%).

3.2.4 Gene-level summary of fine-mapping results
While statistical fine-mapping helps to identify putative causal variants, it does not directly
implicate risk genes. This task is made difficult by several complications, including the possibility
of distal regulation by enhancers, and the fact that a variant/ enhancer may affect multiple nearby
genes. Existing work to assign target genes often focus on the top GWAS variant in a locus, and
prioritizes the targets by distance, chromatin interactions informed by Hi-C or similar datasets, or
by eQTLs. In reality, however, there is often considerable uncertainty of causal variants, as

suggested by our own and other works. We developed a novel procedure to address these
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limitations. It is directly informed by variant-level fine-mapping analysis, and aggregates
information of all SNPs potentially targeting the same genes, weighted by their PIPs, considering
multiple ways a SNP may affect its target gene. We used the posterior inclusion probabilities (PIPs)
generated by SuSiE to calculate a gene-level PIP. Let Z, be an indicator variable describing
whether gene g is causal (Z,=1) or not (Z,=0) for the trait. Assuming a single causal SNP per locus,

the gene PIP is then given by:

P(z,~1|D) = Z P(Z=1|ygp=1) PIPsxp
SNP

where g, i the indicator variable for whether a SNP is causal or not, and D is the GWAS
summary statistics. The term P(Zg=l|ySNP=l) can be interpreted as the probability of a SNP
interacting with gene g . Finally, PIPgyp is simply the PIP from fine-mapping. Since
Y.snp PIPgnp=1 for a single locus/block, the gene PIP has an upper-bound of 1. In cases where
multiple loci/blocks are linked to a single gene, the gene PIP may exceed 1, in which case it can
be interpreted as the expected number of signals linked to gene g.

The term P(Zg=l|ySNP=l) can be approximated by considering the location of the SNP with
relation to the gene g, as well as functional genomics data that provide evidence for interaction a
SNP with gene g. To do so, we assign weights wgyp , to each SNP and gene, and then normalize
by the total sum of the weights over all genes to estimate P(Zg=l |ySNP=1). If a SNP is in the exon,
UTR, or promoter of a gene, we assign a full weight weyp , = 1. Furthermore, if a SNP is in an

enhancer that is linked to a gene’s promoter via promoter-capture HiC data and/or co-accessibility

in the relevant tissue, then we also assign a full weight. If a SNP is not linked to any gene via the
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methods above (e.g. in intronic and intergenic with no pcHiC or co-accessibility links), then we
use a distance-based weighting to all genes with 1Mb:

_ -dsnpo/10°
WSNP,g_e SNP,g

With all the weights estimated, probability of SNP-gene interaction is given by:

WSNP,g

P(Z,=1 =l)=g5—""—
( g |YSNP ) Y WP
As aresult, a SNP’s PIP distributed to all genes linked in a weighted fashion determined by

functional evidence and distance in cases where the former doesn’t exist.

3.3 Results

3.3.1 snATAC-seq and snRNA-seq identify eight major cell-types
Unsupervised clustering on dimensionality-reduced snRNA-seq and snATAC-seq revealed eight
distinct clusters. Utilizing the marker genes in Table 3.1, we were able to assign a cell-type to each
cluster. The cell-types were exactly matched across the two modalities (Figure 3.1 A,B). Perhaps
the central cell-type to the heart is the cardiomyocytes (CMs), the beating cells of the heart. The
CM cluster showed high expression and gene activity of ventricular CM markers TNNT2,
MYBPC3, and MYH?7, as well as a depletion of atrial CM marker NPPA. This is expected given
that we did not sample the atrium. In addition to CMs, we identified endothelial cells, fibroblasts,
pericytes/smooth cells, a small population of neuronal/pace-maker cells, and an immune
compartment. The top three cell-types in terms of proportion were CMs, endothelial cells, and
fibroblasts (Figure 3.1, A,B side-panel), which constituted approximately 70% of cells. A
discrepancy was observed in the ranking of cell-type proportion between RNA-seq and ATAC-
seq, which is likely due to a combination of uneven sampling of different heart regions and the

fact that different heart regions have different cell-type proportions. We further assessed the
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concordance between snRNA-seq and snATAC-seq cell-type labels in two ways. First, genome-
wide gene scores (sScATAC-seq) and transcript levels (snRNA-seq) were highly correlated between
matched clusters (Figure 3.1 C). Second, we performing label transfer as part of the Seurat v3
package where the cell-type assignment of each cell from snRNA-seq is transferred to its nearest-
neighbor in the snATAC-seq data. We find strong concordance between the two modalities as the

cell-type labels from snRNA-seq unambiguously transferred to the snATAC-seq data (Figure 3.1
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Figure 3.1: Cell-type mapping in snRNA-seq and snATAC-seq. A,B) UMAPs of snRNA-seq and
snATAC-seq, respectively, with color indicating cell types. Barplots on the right of each UMAP
show the proportion of each cell-type across the three donors. C) Pearson Correlation of clusters
in snRNA-seq and snATAC-seq. D) Left: Histogram of label transfer scores. Right: UMAP of
snATAC-seq with labels transferred from snRNA-seq.
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3.3.1 Regulatory architecture of the human heart

Cell-type-specific chromatin accessibility is a powerful means to identify regulatory features
associated with cell-type-specific gene expression programs. We used snATAC-seq data to
identify cell-type-resolved OCRs and detected 44,997-150,000 OCRs per cell type using the peak
caller MACS2. OCRs from all cell types were combined into a single union set comprising 352,904
OCRs. This procedure ensured that OCRs from rarer heart cell types (e.g., smooth muscle and
myeloid cells) were represented in our analysis. Simple clustering of regions based on their
accessibility profile revealed clear cell-type-associated accessibility patterns (Figure 3.2A). Based
on this observation we identified OCRs with significant cell-type-specific accessibility for each of
the eight cell types, as outlined in Section 3.2.1. In total, 173,782 (49%) OCRs showed cell-type-
specific accessibility, we refer to the remaining 179,122 (51%) OCRs as shared. Cell-type-specific
OCRs tended to include more promoter distal regions compared to shared OCRs (Figure 3.2 B).
Visualizing the distribution of distance to the nearest TSS, we find that the shared category has a
small peak at ~1kb, indicating the presence of promoter distal regions (Figure 3.2 C).

To validate these OCRs, we compared cell-type-specific peaks to DNase Hypersensitive sites
(DHS) identified in bulk samples from ENCODE. OCRs from multiple cell types significantly
overlapped with DHS from the left and right ventricles (40-60%; Figure 3.2D, top), however this
overlap was mostly limited to cell-types with larger proportions. Compared to bulk data, snATAC-
seq therefore added both cell-type-specificity and increased sensitivity for the detection of OCRs.
We also observed strong overlap between cell-type-specific peaks and H3K27ac signal from LV
and RV (60-80%), suggesting that these peaks are located within putative enhancer regions (Figure

3.2D, bottom).
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Figure 3.2: Discovery of open chromatin regions (OCRs) in the human heart. A) Row-normalized
accessibility of PREs across all cell-types. B) Number of cell-type-specific and shared PREs and
their genomic distribution. C) Density plot of the logio distance to nearest gene for all cell-type-
specific and shared PREs. The yellow strip highlights a region where the shared PREs deviates
from the cell-type PREs. D) Proportion of cell-type specific PREs that overlap with DNase from
cell-type in several tissue and primary cell-types (LV = left ventricle, RV = right ventricle). Below
is the proportion of overlap with H3K27ac regions.

Cell-type-specific OCRs harbor binding sites for distinct sets of lineage-specific transcription
factors (TFs) and thus can be used to identify sequence-specific determinants of TF activity. We
identified 260 TF motifs that were enriched within cell-type-specific OCRs in at least one cell type
at FDR < 1% (Figure 3.3 A). However, the degeneracy of TF motifs and the sharing of similar or
identical binding preferences within TF families make it difficult to rely on motif enrichment alone
to identify active TFs in a particular cell type. To mitigate this problem, we correlated motif
accessibility with inferred gene expression using accessibility-derived gene scores across all cells
for each of the TFs. This comparison yielded a set of 158 TFs with medium-to-high correlation
(Ir] > 0.5). This set included several known transcriptional regulators in CMs, including MEF2A
(Figure 3.3 B, top), TBXS5 (Figure 3.3B, bottom), and GATA4 as well as other cell types such as
CEBPA in fibroblasts and SOX9 in endothelial cells. We thus generated a compendium of putative

lineage-specific transcriptional regulators.
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Figure 3.3: Transcription factor (TF) motif enrichment in OCRs of each cell-type. A) Enrichment
heatmap of 260 TFs with at 1% FDR in at least one cell-type and an absolute gene score correlation
of at least 0.5. B) Motif accessibility and gene score overlaid onto UMAP for two key TFs: MEF2A
and TBXS.

Single-nucleus ATAC-seq also enables us to find putative interactions between distal enhancers
and gene promoters through co-accessibility. Having these links will allows us later to link GWAS
SNPs to putative target genes because most strong GWAS hits are in distal enhancers far away
from gene bodies. To this end, we first calculated co-accessibility between all distal enhancer and
gene promoter OCRs using CM cells only. Existing promoter-capture HiC (PC-HiC) data in iPSC-
derived CMs[64] was used to benchmark our co-accessibility calculations. We find modest overlap
between our co-accessible links and the links from PC-HiC data (Figure 3.4A). Having established
the parameters for co-accessibility calculation, we estimated co-accessibility using meta-cells
derived from all cells. Using these co-accessible links, we found on average 14 OCRs linked to
any gene’s promoter (Figure 3.4B). To further validate these co-accessible links, we subset the
distal enhancers according to their cell-type specificity, and GSEA on the genes linked for each

cell-type (Figure 3.4C). In doing this, we recover molecular function categories that are
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characteristic of each cell-type, such as cardiac myofibril assembly for CMs and macrophage
activation for myeloid cells. This compendium of putative enhancer-promoter interactions will be

utilized, along with the PC-HiC data, in interpreting the genetics of AF.
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Figure 3.4: Linkage of distal enhancers to putative target genes. A) Proportion of co-accessible
links in promoter-capture HiC (PC-HiC) data, partitioned by distance and correlation strength. B)
Distribution of number of distal OCRs linked to gene promoters. C) Gene-set enrichment analysis
of genes linked to cell-type specific OCRs via co-accessibility.

3.3.2 Fine-mapping atrial fibrillation GWAS with functional priors from snATAC-seq
A major challenge for the translation of GWAS findings into a fuller understanding of disease
mechanisms is the identification of non-coding causal variants and the cell-types in which they are
active. We assessed the enrichment of GWAS summary statistics for cardiac (AF, PR interval,
heart rate), cardiovascular (CAD, blood pressure) and non-cardiovascular (BMI, height,
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schizophrenia) traits using TORUS (Figure 3.5 A). We found strong CM-specific enrichment for
AF and PR interval (>10-fold). We also found strong enrichment of endothelial/fibroblast/pericyte
OCREs for coronary artery disease and blood pressure. Finally, we find no significant enrichment
for non-cardiovascular traits, with the exception of height.

Given the strength of enrichment and cell-type specificity of CM OCRs in AF, we sought to
perform fine-mapping on AF in order to infer causal variants and genes. Recently, a large scale
GWAS on AF in a European population was performed where 111 signals/loci were observed at
genome-wide significance, corresponding to 122 approximately independent LD blocks. As
outlined in Section 3.2.3, we performed functionally-informed fine-mapping of all 122 blocks
utilizing the union set of OCRs. We split the union set into CM-specific OCRs, CM-shared OCRs,
and OCRs not in CMs. We also used coding and conserved annotations from UCSC. In this way,
the entire union set is utilized, while SNPs in CM-specific/shared OCRs are prioritized. Under this
framework, we find 54 SNPs with PIP > 50% (Table 3.2), compared with 39 SNPs in the case of
no prior used (Figure 3.5 B). Visualizing the chromatin accessibility of the top 54 SNPs, we find
a majority (31/54) are in CM-specific or shared OCRs as expected (Figure 3.5 C). We also find
that 31/54 SNPs are in heart active enhancers as marked by H3K27ac. We also find 33/54 SNPs
to be in enhancers that are co-accessible or have a PC-HiC link with a protein coding gene. Finally,
we find 12/54 SNPs that have a strong TF motif disruption score for the cardiac 158 TFs previously
defined (Figure 3.5 C). We also performed colocalization analysis with heart left ventricle eQTL
data and found 5/54 SNPs to have eQTL effects in the heart. Altogether, these results support
potential regulatory functions of a large fraction of fine-mapped variants, and implicate TF binding

disruption as one main mechanism of functional effects of these variants.
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Locus
7
25
31
32
72
77
78
85
86
104
187
219
238
286
304
305
397
453
470
645
660
710
728
791
813
821
857
861
862
922
984
1009
1058
1076
1080
1197
1201
1222
1264
1331
1332
1352
1357
1404
1414
1416
1431
1468
1490
1506
1557
1670
1682
1686

SNP
rs880315
1$2885697
rs11590635
1572692218
154073778
154999127
rs11264280
rs72700118
15577676
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18597502 C
26164079 T

REF ALT PIP

a-a-J0ac0aca0car»Hrr>ra00-000-H0r>r0000»>r>"SQrpa0"d00d00000> 00000 >»>»>0--

Gene Linked Link Method Gene PIP  Chromatin status

0.754 CASZI
0.978 SLFNLI1
0.974 BENDS
0.537 TTC39A
0.7 CASQ2

0.98 KCNN3
0.999 KCNN3
0.579 PRRX1
0.731 PRRX1
0.747 CHI3L1
0.809 IMMT
0.805 ZEB2
0.84 WIPF1
0.741 TMEM40
0.837 SLC22A13
0.829 SLC22A13
0.556 TMEM44
0.967 FGF5
0.646 PITX2
0.999 RNF144B

1 RAB44
0.99 PLN

1 GINM1
0.809 GTF2I
0.758 CAV1
0.906 CALU
0.967 GATA4
0.909 PCM1

1 PCM1
0.675 KLHL38
0.947 FBP2
0.693 LHX3
0.959 SYNPO2L
0.802 CALHM2
0.714 PDCD4
0.825 BHLHE41
0.841 PKP2
0.877 LRRC10
0.76 FGF9
0.713 AKAP6
0.771 CFL2
0.959 AKAP5
0.587 DPF3
0.547 GCOM1
0.959 NPTN
0.998 ARNT2

1 HAGH
0.994 ZFHX3
0.525 YBX2
0.519 IKZF3
0.915 C18orf32

1 CLIC6
0.853 MICAL3
0.609 MYO18B
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Co-access.
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Co-access.
Distance
PC-HiC
Exon
PC-HiC
Distance
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0.34 CM Specific ATAC
0.403 Unannotated
0.949 Unannotated
0.937 CM Shared ATAC
0.214 CM Specific ATAC
0.437 Other
0.437 Unannotated
0.602 Other
0.602 Other
0.252 CM Specific ATAC
0.341 CM Specific ATAC
0.975 CM Shared ATAC
0.364 CM Shared ATAC
0.25 CM Specific ATAC
0.59 CM Specific ATAC
0.59 CM Specific ATAC
0.937 CM Specific ATAC
0.981 CM Shared ATAC
0.944 Unannotated
0.25 CM Specific ATAC
0.125 CM Shared ATAC
0.813 Unannotated
0.5 Non-CM ATAC
0.366 Unannotated
0.324 CM Specific ATAC
0.467 Unannotated
0.249 CM Specific ATAC
0.612 Unannotated
0.612 CM Shared ATAC
0.19 CM Specific ATAC
0.485 CM Specific ATAC
0.375 Unannotated
0.315 CM Specific ATAC
0.218 Unannotated
0.336 Unannotated
0.356 CM Shared ATAC
0.537 CM Specific ATAC
0.29 Unannotated
0.937 Other
0.755 Unannotated
0.444 Unannotated
0.148 CM Specific ATAC
0.493 CM Shared ATAC
0.333 CM Shared ATAC
0.388 CM Specific ATAC
0.363 Unannotated
0.111 CM Specific ATAC
0.7 Unannotated
0.073 CM Shared ATAC
0.327 CM Shared ATAC
0.278 CM Shared ATAC
0.483 Unannotated
0.999 CM Specific ATAC
0.985 Other

Distance to Gene
59841
55370
67123

373842
13644
128750
20196
437046
44529
120971
171594
487796
3862
30848
134829
460012
446435
23030
456808
158670
35967
105337
488330
38711
21402
37698
34560
29442
133621
113057
357384
2182
7884
130012
54870
70244
69613
8473
1123421
191958
10254
251369
212
45863
259220
19767
125821
41977
263409
22
539430
77423
90177
25968

Table 3.2: Prioritized AF SNPs with PIP > 50% and their RefSeq IDs, position, alleles, and the
gene with highest gene PIP that is linked to each SNP.
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Figure 3.5: GWAS enrichment and fine-mapping summary of atrial fibrillation (AF). A) Fold of
Enrichment and its significance for cell-type specific OCRs in each GWAS trait. B) Functional
PIP vs uniform PIP from AF fine-mapping. C) Summary of AF SNPs with PIP > 50%. Top
heatmap represents the logs-accessibility in a 500 bp window around each SNP in the specific
OCRs of each cell-type. Bottom annotations represent binary annotations for each SNP: Heart
left/right ventricle H3K27ac, fetal heart DHS, whether the SNP is linked via PC-HiC or co-

accessibility (Coaccess), ChIP-seq regions for TBX5/GATA4/NKX2-5, and whether the SNP
strongly disrupts cardiac TF motifs.

Most blocks were fine-mapped to at least two causal variants or more, with a mean number of 9

causal variants per locus (Figure 3.6 A). Therefore, the exact causal variant may still be ambiguous
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and the molecular intermediates are not inferred from fine-mapping at the SNP level. To address
this issue, we sought to generate a gene-level summary of the fine-mapping results, as outlined in
section 3.2.4. We identified 24 high-confidence genes at gene PIP > 0.8, and 44 genes a relaxed
PIP cutoff of 50% (Fig. B). At the locus level, the gene credible sets contain a single gene at 27
out of 122 blocks, and 2-5 genes at 69 blocks (Figure 3.6 B). Our candidates at PIP > 0.5, include
many known AF risk genes, including TFs with known functions in cardiac development such as
TBXS5 and PITX2, ion channels such as HCN4, and other genes involved in muscle contractions
such as TTN. Importantly, in 17/44 cases, the genes are not the closest genes of the top SNPs by
PIPs, highlighting the importance of considering distal regulation. We compared our candidate
genes at each locus with those from an earlier paper, which are based largely on distance, but also
some functional information of genes. Overall, the two lists agree in a large fraction of blocks. In
46 blocks, our procedure found different top genes. Some of these novel candidates have plausible
functions, such as ETV1, PRRX1 and FGF9. In some other cases where the earlier work picked a
single candidate gene, our procedure has credible sets with multiple genes, reflecting the
uncertainty of our knowledge of causal genes.

We systematically assessed the plausible role of the candidate genes. Using a set of control genes
around the top PIP SNPs, we find that these prioritized genes are generally higher in expression in
CMs (Figure 3.6 C). Comparing against the same control genes, we find that the prioritized genes
are enriched among the differentially expressed genes (Figure 3.6 D). We tested enrichment of
Gene Ontology (GO) terms in this gene set. This analysis reveals strong enrichment in Biological
Processes including cardiac ventricle formation, peripheral nervous system development, and

regulation of heart rate by cardiac conduction. (Figure 3.6 E)
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Figure 3.6: Gene fine-mapping summary. A) Number of SNPs in the credible set of each locus.
Number of genes in the credible set of each locus C) Logy transcripts per 10k in cardiomyocyte
(CM) pseudo-bulk for control genes and prioritized genes with PIP > 50%. D) Overlap of
prioritized genes with differentially expressed genes, compared with control genes. E) Top 20 GO
terms at FDR < 5% ordered by enrichment.

We now turn to two notable examples where our approach has yielded novel genes that highlight
the strengths of our method. The first locus we zoom in on is T-box transcription factor 5 (TBXS),
which is a key regulator of heart development and known to play a role in AF[65] (Figure 3.7,
gene PIP = 0.95). An enhancer about 40kb upstream of the TBXS5 promoter has >10 SNPs with
strong LD and have above genome-wide significant association with AF. Using our functionally

informed prior, we fine-mapped the region to a credible set with only 3 SNPs, with one SNP
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(rs7312625) having a most of the signal (PIP = 0.4.) This SNP is in an enhancer that is active as
marked by H3K27ac and is co-accessible with the promoter of TBXS.

A second notable example is the fibroblast growth factor 9 (FGF9), which has been shown to play
a role in cardiomyocyte proliferation and differentiation[66] (Figure 3.8, gene PIP = 0.93). It is
supported by two SNPs (PIP 0.6 and 0.2, respectively) that are linked, via PC-HiC, to the promoter
of FGF9 nearly IMb away. Interestingly, the supporting SNPs of FGF9 lack regulatory marks in
the adult heart, but are inside/close to fetal DHS, which interacts with the FGF9 promoter. This

result thus suggests the possibility that some AF variants may act on the early developmental stage.
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Figure 3.7: Locus track plot for T-box transcription factor 5 (TBXS5).
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Figure 3.8: Locus track for fibroblast growth factor 9 (FGF9).
3.4 Discussion

We established a cell-type-resolved atlas of chromatin accessibility of the human heart and used
this to identify regulatory factors and to shed light on the genetics complex traits. We used this to
identify cell-type-specific sequence determinants associated with chromatin accessibility and
inferred likely lineage-specific TFs.

We and others have previously incorporated functional annotations into fine-mapping procedures.
However, these annotations were mostly derived from bulk samples or, in the case of immune cells,
sorted cell-populations and thus did not represent cell-type-resolved information of all cell types
present in the relevant organ. snATAC-seq provides a straightforward approach to obtain high-
quality functional annotations from a single assay. In principle, the sensitive and accurate
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identification of regulatory features should help to identify candidate regulatory regions. The
strong enrichment of CM-specific regulatory features in AF SNPs suggest that a significant
proportion of the AF risk localizes to regulatory features identified by snATAC-seq in ventricles.

A more general caveat to our analysis is that we attempted to apportion/explain disease association
of variants in non-coding distal regions using chromatin accessibility of adult human hearts. It is
possible that a subset of disease variants exerts its effects during development. Finally, we used a
single assay, snATAC-seq, to define functional elements but it is likely that additional features of
chromatin organization would refine annotations and improve fine-mapping. Future work might
address these limitations by including samples from atria and by using additional single-cell
genomics approaches, especially multimodal measurements are appealing because they represent
a single assay solution.

We developed a novel computational strategy to identify causal genes. By considering each variant
independently and linking it to genes based on genomic annotations, co-accessibility, PC-HiC, or
distance, this ‘gene fine-mapping’ procedure accounts for uncertainty of causal variants and
considers multiple ways a SNP can affect a gene.

A large fraction of the genes identified in this way are TFs, ion channels, and cardiac signaling
proteins with known or plausible roles in heart development and/or AF. Furthermore, the 44
candidate genes show highly CM-specific expression pattern. We note that incorporation of the
PC-HiC data in CM-iPSCs, which was publicly available, clearly helped this association. However,
such auxiliary datasets are not available in most cases. Incorporation of additional measures (e.g.
activity-by-contact scores[67]) or more robust establishment of co-accessibility measures are

therefore desirable.
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Our strategy presents a principled approach to identify and prioritize candidate causal genes
including those that are distal to a SNP or separated by non-target genes. We provide a
comprehensive resource of putative causal genes in AF. By narrowing the number of candidate
genes per locus and providing gene PIPs, we support a rational procedure to select target genes for

functional validation.
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CHAPTER 4: CONCLUSION

Single-cell sequencing was the Method of the Year in 2013, and its application has only grown
since due to commercialization of off-the-shelf equipment and analysis tools. In light of this, we
have shifted our perspective on tissues and organs from homogenous blobs of cells to heterogenous
cell mixtures with differing transcriptional and epigenetic programs. This has greatly aided our
understanding of diseases, such as when scRNA-seq on human lung revealed an ionocyte cell type
that differentially expresses CFTCR and may be causal for cystic fibrosis[68]. In other
developmental systems such as the zebrafish embryo, a new cell state was inferred that has the
hallmarks of apoptosis and cellular stress[68]. Progress from single-cell sequencing has been
particularly remarkable in the nervous and immune systems, where dozens or even hundreds of
transcriptionally distinct cell types have been mapped. Thanks to these efforts, we know that many

diseases are driven by a select few cell-types with specialized transcriptional programs in an organ.

On the other hand, variation in DNA has been extensively studied and linked to disease phenotype.
For example, GWAS has identified hundreds of loci for individual traits that are strongly
associated with disease phenotypes. Given that every cell in an organism contains the same DNA,
it becomes quite the challenge to pin down why a certain DNA variant is associated with the
phenotype. In certain diseases, such as Type-2 diabetes (T2D), it is clear that the insulin-secreting
beta cell of pancreatic islets is one of the causal cell types where T2D SNPs exert their effects. In
other diseases, such as coronary artery disease, the germline SNPs associated likely exert their
effects in multiple cell types, such as endothelial cells, fibroblasts, and pericytes/smooth muscle
cells. This intuition of where a disease takes place in the human body has driven researchers to use

bulk tissue assays on the relevant organ to further interpret germline SNPs. However, bulk assays
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limit our understanding of which cell-type(s) or cell-state(s) are driving the disease phenotype. In
this dissertation, I have developed a framework to utilize single-cell ‘omics data to interpret DNA
variants associated with disease states. This interpretation involves learning the relevant cell-type(s)
for the disease, and the cell-type specific genes, e.g. the gene product, that mediates the effect of
the SNP onto the phenotype.

In Chapter 1, I estimated genotypes of somatic point mutations in individual breast cancer cells,
and performed evolution-informed clustering of cells. In doing this, I found two groups (early and
late) of cancer cells with differing somatic mutational profiles. Performing differential gene
expression between these two groups, the late cells showed a marked expression of breast cancer
oncogenes and down-regulation of tumor suppressor genes. The set of somatic mutations that are
unique to the late cells are putatively associated with the set of genes that are differentially
expressed. Given that the method requires relatively high sequencing depth per cell, we were only
able to perform this genetic phylogeny reconstruction on 18 cells. We likely underestimate the
genetic heterogeneity given the small number of cells, and future efforts should focus on multi-
regional sampling from tissues to better sample the genetic heterogeneity in tumors. High through-
put scRNA-seq can sample an order of magnitude more cells at the cost of sequencing depth. While
our method would likely struggle on such data, an alternative approach utilizing somatic copy
number variants requires less sequencing depth and may provide similar single-cell phylogenies.
We have observed in Chapter 1 that scRNA-seq, paired with WES allows us to obtain higher
resolution phylogenies with additional information such as transcriptome readout. However,
obtaining single cells from tissues that are hard to dissociate, composed of fragile cells, and/or
frozen specimens is not always possible. As an alternative, DroNc-seq, a high-throughput single-

nucleus RNA sequencing protocol, has the potential to reveal tissue heterogeneity, at scale, based
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on nuclear RNA, and is being increasingly used to profile primary tissue at high throughput. In
Chapter 2, I investigated the performance of single-cell and single-nucleus RNA-sequencing in
determining cell-types in a dynamic biological system. Single-cell generally detected more UMI
and genes per cell, as expected given the higher amount of RNA material from whole cell. One
major finding is that nearly half of reads from DroNc-seq were intronic reads, possibly stemming
from internal priming on the introns of nascent RNAs. We incorporated these intronic reads for
quantifying gene expression and we observe a 50% increase in gene detection rate. We found that
for cell-type quantification at a fairly course-grain level, both methods are able to detect the same
cellular populations. Increasing the cell-type resolution to define finer-grain communities will
likely result in differences between Drop-seq and DroNc-seq. In conclusion, we find DroNc-seq
as a viable alternative for measuring expression profiles from complex and heterogenous banked
tissues and organs.

In Chapter 3, I analyzed the cellular heterogeneity found in adult human heart tissue using single-
nucleus RNA and ATAC sequencing data. These methods defined the transcriptional and open
chromatin landscape for eight major cells, such as cardiomyocytes, cardiac fibroblasts, and an
immune compartment. We used these data to interpret the genetic architecture of cardiac diseases.
The strong enrichment of CM-specific regulatory features in AF SNPs suggest that a significant
proportion of the AF risk localizes to regulatory features identified by snATAC-seq in heart
ventricles. Indeed, CMs are the key cell-type for which AF SNPs exert their effects through. To
ascertain the causal variants, we performed statistical fine-mapping with CM open chromatin
regions as a functional prior. We found 54 high-confidence SNPs across 122 blocks, with an
average credible-set size of 9 SNPs per locus. More than half of these SNPs were in open chromatin

regions in CMs while also overlapping with heart H3K27ac regions, therefore we likely prioritized
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functional variants that have enhancer activity. Furthermore, we find >7 fold enrichment of these
SNPs in the binding sites of TBXS, NKX2-5, and GATAA4, suggesting the importance of these TFs.
Despite fine-mapping, some blocks still contained multiple potentially causal variants, making
interpretation difficult. Therefore, we aggregated the signal from fine-mapped SNPs onto genes
using a novel computational approach. This approach may be better than assigning top SNPs to
the nearest genes for two reasons. One, long-range transcriptional regulation by distal enhancers
allows for a regulatory variant to modulate the gene activity from up to 1Mb away. These long-
range interactions can be measured by HiC and other derivatives and we utilize such data to link
SNPs to their potential target genes. Second, the signal from multiple SNPs with weak effects can
be aggregated, leading to a strong signal at the gene level. For example, the gene CAMK2D has a
gene PIP of >95% due to the cumulative signal of 8 SNPs with diffused PIPs. Such an example
reflects that uncertain fine-mapping at the SNP-level can sometimes lead to high certainty at the
gene-level.

We found 44 high confidence genes, some of which would not be implicated by GWAS alone.
These genes allowed us to further interpret the genetics behind AF. In addition to calcium and
potassium ion channels that are involved in cardiac conduction, we found multiple genes that are
TFs, many of which have been implicated in heart development such as TBX5[65], PITX2[69],
and HAND?2[70]. Indeed, the most significant GO terms for the genes we nominate are involved
in heart cell differentiation and proliferation. The over-representation of TFs is partly due to our
utilization of long-range loops from PC-HiC for linking SNPs to genes. The presence of well-
known cardiac TFs among the AF candidate genes and enrichment of their binding sites at putative

causal SNPs support the importance of a TF-centered gene regulatory network mediating the AF
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risk. I look forward to further experimental validation of the nominated AF enhancers and genes
through the use of realistic cell lines and/or mouse models.

While our gene-mapping approach seems to work well for AF, there are potential issues and
limitations in its application to other traits. The procedure relies on high quality SNP level fine-
mapping results, which may not be the case for other low-powered traits. AF genetics are mostly
enriched in cardiomyocytes only, which partially overcomes ambiguity from LD leading to many
high PIP SNPs. This may not be the case for other traits that are more complex in terms of cell-
type, such coronary artery disease as we saw in our enrichment analysis.

There are three major improvements that can be made to the general framework of linking germline
SNPs to their putative target genes. A recent model called activity-by-contact (ABC)[67] has been
proposed for linking SNPs to genes. The ABC score is obtained by taking the product of the
regulatory activity of the sequence in which the variant resides in (using chromatin accessibility
or similar) and the strength of the physical contact with a gene promoter from HiC data. Currently,
a variant is assigned to a gene via PC-HiC in a binary fashion, therefore we may miss many
possible SNP-gene interactions. A second possible improvement is the use of other technologies
that better capture long-range chromatin interactions. For instance, chromatin interaction analysis
with paired-end tag (ChIA-PET)[71] has been shown to have higher resolution than HiC.
Furthermore, ChIA-PET can be used to construct chromatin interaction networks bound by
proteins such as histones with H3K27ac, therefore yielding interactions that only involve active
enhancers, leading to improved gene fine-mapping. Finally, a GWAS locus may have multiple
causal signals which we do not consider in our current gene-mapping approach. GWAS loci often
harbor multiple, independent causal variants, potentially all targeting the same genes (known as
allelic heterogeneity, or AH). For example, the TCF7L2 locus of T2D contains at least 8
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independent signals[72]. Indeed, aggregating multiple causal signals that target the same gene can

potentially improve gene-mapping.
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