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Abstract

In human and many other metazoans, both linear genome sequence and three-dimensional
nuclear structure can vary between different cells within the same organism. Variations in linear
DNA reflects the mutational history of the cell, and those in three-dimensional genome folding
help regulate gene expression. Single-cell genomic assays therefore provide valuable means for
characterizing the composition and regulation of genomes on a cell-to-cell basis.

A sensitive and reproducible method for amplifying the genome of each single cell is the
first step for decoding its linear DNA. In Chapter 2 we describe our single-cell whole-genome
amplification assay that utilizes droplet microfluidics to produce long amplicons with accurate
allele counting capability. This method has reproducibly achieved high genomic coverages of
91.0% + 3% (average + standard deviation) for all the cells verified to be non-replicated.

To prevent DNA self-looping, we further included 16 transposon sequences, and labeled
the two complementary strands of double-stranded DNA to correct for artifacts in the detection
of single-nucleotide variations (SNVs). Described in Chapter 3, this assay, termed Multiplexed

End-Tagging Amplification (META) of Complementary Strands, has revealed the mutational



histories of blood and neuron cells with the highest accuracy known so far. Contrary to the
conventional understanding that cell types are characterized by their transcriptomes, we found
that SNV patterns are cell-type dependent and can be used to define cell types by principle
component analysis.

By integrating META with chromosome conformation capture, we re-constructed the
genome-wide nuclear structures of single diploid human cells to an unprecedented resolution of
20kb. In Chapter 3 our method of Diploid Chromosome Conformation Capture (Dip-C) is
illustrated; it has uncovered the cell-type dependent 3D genome architecture for human
peripheral blood mononuclear cells. For the first time, the Waddington epigenetic landscape of
human cells can be determined based on 3D genome folding, with valleys representing cell types
and the width of each valley specifying cell-to-cell differences. Survey into more cell types at
higher spatial resolution will help elucidate the relationships between genome structures and

their functions in health and disease.
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Chapter 1 : Introduction

1.1 Single-cell whole-genome amplification with droplet microfluidics

DNA is the fundamental molecule that defines an individual organism, which is
composed of one or many single cells that utilize DNA to sustain life. Decoding the linear DNA
sequence of an organism or a cell not only helps uncover the genetic mechanisms of certain
diseases' !, but also provides the basis for studying epigenomics such as DNA methylation %13,

Although genomic studies traditionally relied on bulk samples, there have been increasing needs

to sequence single cells to avoid ensemble averaging for reasons explained below.

1.1.1 Cell-to-cell variations and the need for genome amplification

Somatic cells can undergo different mutations that lead to single-nucleotide variations
(SNVs), copy number variations (CNVs), and structural variations (SVs, including insertions or
deletions)"*!!. Studying these cell-to-cell variations have helped understand the mechanisms or

46.7.15 "and neuronal aging!® '8, In addition,

effects of UV damage'®, cancer genome instability
germline and certain immune cells have intrinsically different genomes due to recombination.
Elucidating the recombination patterns from single sperm cells has enabled genome haplotyping
in the absence of genomic sequence information from family trio, which is not always
available'®°. Furthermore, certain samples can only be obtained in low cell numbers, such as

2,21

early embryos, human oocytes, and circulating tumor cells ~“°, and bulk sequencing is simply

impossible in these circumstances. Last but not least, epigenetic features such as 3D chromatin



12,22728’ and

structure and methylation are known to vary from cell to cell and from time to time

single-cell genome sequencing allows for the cellular and temporal variations to be resolved.

Central to the success of single-cell genome sequencing is the technique of single-cell
whole-genome amplification (WGA). Because current sequencing instruments cannot process
the low input of DNA from a single cell (6 pico-gram for a typical human cell, for example),
amplifying the single-cell genomic DNA is required before sequencing. The amplification
process, however, is often error-prone (producing false positives) and insensitive (causing false
negatives) '1142 An ideal WGA method should thus provide both high coverage of the
genome and low error rates for the determination of SNVs, CNVs and SVs. To this end, the

causes of low accuracy and sensitivity need to be identified.

1.1.2 Genome coverage, evenness, reproducibility and amplification length

Random priming and exponential amplification are two major reasons for low coverage
and error propagation in WGA. Unlike targeted sequencing, WGA needs to capture as many
genomic regions as possible to ensure sufficient detection rates ', Random priming was
therefore used in previous WGA methods such as Degenerate Oligonucleotide—Primed
Polymerase Chain Reaction (DOP-PCR) and Multiple Displacement Amplification (MDA) !
However, random priming does not happen uniformly across the whole genome, and whichever
regions are more easily primed are more preferentially amplified. Random priming therefore
constitutes a source of amplification bias. In addition, exponential amplification can propagate
the bias and any errors produced by the DNA polymerase (see Figure 1-1), causing false-positive

SNVs, CNVs or SVs depending on the methods chosen.
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Figure 1-1: Error propagation with exponential versus linear amplification. In exponential
amplification (such as PCR in tube), if the efficiency is 100% for one template sequence but 70%
for another, then after 13 amplification cycles these two template sequences would differ by 8-
fold, much more than the initial difference of 30%. Additionally, if the DNA polymerase makes
an error on one template, the error will be present in all the later templates derived from it. In
linear amplification, however, the bias of 100% versus 70% will not be exponentially expanded,
and an error will not be propagated because all copied molecules come from the initial template.

Two recently developed methods avoid exponential amplification or random priming to
achieve higher performance in single-cell WGA. Multiple Annealing and Looping—Based
Amplification Cycles (MALBAC) utilizes a particular primer design which, despite having
random priming sequence, prevents already amplified DNA molecules to be further amplified
exponentially thanks to self-looping, arriving at a quasi-linear amplification scheme with
improved evenness and CNV calling capability after normalization '*3° (Figure 1-2). More
recently, Linear Amplification via Transposon Insertion (LIANTI) has further advanced single-
cell WGA into a linear regime while avoiding random priming altogether. In addition to high
coverage, LIANTTI has significantly outperformed previous methods in SNV, CNV and SV

calling across the whole genome (Figure 1-2) 4.
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Figure 1-2: Amplification evenness for different single-cell whole-genome amplification
methods. Lower coefficient of variation means more amplification evenness and better copy-
number variation (CNV) calling capability. Expected Poisson distribution, bulk sequencing data,
and four different methods are compared---- Linear Amplification via Transposon Insertion
(LIANTTI), Multiple Annealing and Looping-Based Amplification Cycles (MALBAC), Multiple
Displacement Amplification (MDA), and Degenerate Oligonucleotide—Primed Polymerase Chain
Reaction (DOP-PCR). LIANTI offers the best CNV calling capability, followed by normalized
MALBAC and DOP-PCR for bin sizes of >100kb.

To avoid random priming, LIANTI makes use of transposomes to randomly fragment
genomic DNA while attaching specifically designed DNA sequence for amplification 4. The
transposome 1s a complex of two transposase enzyme monomers and two transposon DNA
molecules. When in contact with double-stranded DNA (dsDNA), the transposome complex can
fragment the dsDNA and attach (or “tag”) the transposon DNA to each end of each fragmented
DNA molecule, a process called “tagmentation”. In LIANTI, the transposon DNA contains T7
promoter sequence that allows the tagmented genomic DNA to be amplified by in vitro
transcription, which is the key to linear amplification. The transcribed RNA is then reverse

transcribed into single-stranded DNA, which is converted back to dsSDNA and finally to library

molecules ready for sequencing. As a result, genomic DNA is linearly amplified and sequenced



free from random priming bias, enabling highly accurate determination of genomic variations in

single cells.

However, long amplicons (amplified DNA) cannot be efficiently produced using
LIANTI because it is designed to generate short amplicons (of 400bp on average) to achieve
high genome coverage. This limits its uses for applications that require long amplicons, such as
High-throughput Chromosome Conformation Capture (Hi-C), genome assembly, and haplotying
27_We aimed to achieve high genome coverages with long amplicons from single cells, and to

employ the method for a novel chromosome conformation assay described later.

In Chapter 2 the development of and results from Digital Amplification via Transposon
Insertion (DIANTI) are illustrated. Similar to LIANTI, this method utilizes transposon insertion
to avoid random priming. Yet instead of linear amplification by in vitro transcription, DIANTI
takes advantage of droplet digital PCR to achieve linear-like amplification of long DNA
molecules (of 1.5kb on average) with digitized allele counting capability and reproducibly high
genome coverages for all the single cells sequenced so far. Careful microfluidic design was used

to achieve such performance.

1.2 Single-nucleotide variations in single cells

Single-nucleotide variations (SNVs) are single-base substitutions in the genome that
reflects the mutational history of a single cell or a group of cells. The mutational pattern can be a
result of gene transcription, DNA replication, chromatin folding, DNA methylation, among other
biological processes. SNV signatures are thus associated with many diseased or healthy states of

certain cells and cell types.



1.2.1 Diseases and immune responses associated with single-nucleotide variations

Cancer cells typically contain elevated levels of SNVs compared to their normal
counterparts 1>+67:11.3031 ‘Mytational signatures can sometimes be characterized for specific
types of cancers and for particular ages of patients 2. It has also been demonstrated that the
efficacy of cancer chemotherapy is associated with SNV patterns of cancer cells that can evolve
during clonal expansion **-**. Determination of SNVs in cancer cells has therefore been widely

appreciated for disease mechanism and treatment studies.

On the other hand, certain immune cells “purposefully’” maintain high mutation rates to
achieve adaptive immune response: B and T lymphocytes can undergo V(D)J recombination to
generate a variety of antibody proteins against a wide range of antigens. In B cells,
immunoglobin gene loci can undergo somatic hypermutation (SHM) that introduces SN'Vs in
order to diversity its repertoire of antibodies. These mutation processes, however, can be double-
edged swords. They maintain healthy immune-responses but, when uncontrolled, can lead to

diseases such as hematologic cancer and immunodeficiency 3!-%-¢,

1.2.2 Applications and the importance of detection accuracy

In addition to disease research, SNV detection has also been applied to normal tissues
and reproduction medicine. For cells that can divide, such as hematopoietic stem and progenitor
cells, SN'Vs have been studied by clonal expansion from a single cell followed by bulk genomic
sequencing of the clone >*’. For non-mitotic cells or cells existing at low numbers, however, one
needs single-cell sequencing: SNV occurrence in human neurons has been shown to increase
with age by single-cell WGA using Multiple Displacement Amplification 7%, although the

numbers of such mutations per cell have been controversial '*?°. For in vitro fertilization (IVF),

6



preimplantation genetic diagnosis (PGD), and preimplantation genetic screening (PGS),
MALBAC has been utilized to select pre-implantation human embryos and resulted in live births
of two babies free from monogenic diseases of their parents *. Reliable SNV detection is critical
in this case because one cannot afford to mis-detect SNVs associated with genetic diseases meant

to be avoided.

Described in Chapter 3 is our approach to highly accurate SNV detection in single cells
by modifying the method introduced in Chapter 2. Using this new technique, called Multiplexed
End-Tagging Amplification of Complementary Strands (META-CS), we have quantified the
age-associated mutation spectra and DNA damage in single human neurons and blood cells.
Neuronal data revealed age-associated oxidative guanine damage on single DNA strands,
whereas hematopoietic SNV patterns suggested potentially undiscovered mutation mechanisms
in T and certain B cells. The ability of accurate SNV determination will prove indispensable in

3D genome reconstruction as well as other haplotyping-related applications.

1.3 Three-dimensional genome structures of single cells

Each individual person has at least hundreds of known cell types in our body (and much
more to be discovered), but all these cells share similar linear genome sequences with relatively
uncommon cell-to-cell variations described previously. One major reason for this is that
mammalian genomes are folded into multiple levels of three-dimensional structures that regulate
gene expression ***!. The 3D chromatin structures have been studied by both sequencing-based

and imaging-based methods introduced below.



1.3.1 From targeted to genome-wide chromosome conformation capture

Chromosome Conformation Capture (3C) was first developed in 2002 to infer the 3D
chromosome folding of yeast Saccharomyces cerevisiae **. Cells were fixed by formaldehyde,
and the DNA were treated by restriction enzyme followed by ligase, so that two three-
dimensionally proximal DNA regions could be ligated into a linear piece of DNA even though
they might have been far away in the original linear genome. Quantitative PCR was used to
measure the abundance of ligated products between two chosen regions of interest, which
reflects their spatial proximity (Figure 1-3A). By measuring the pair-wise interaction frequencies
for 13 sites on yeast chromosome III, they were able to infer the distances between the loci
(Figure 1-3B) and model the population-averaged 3D conformation of the chromosome (Figure

1-3C).

3C was soon extended to capture chromosome interactions for more loci **** and, thanks
to the advent of next-generation sequencing (NGS), was developed into High-throughput
Chromosome Conformation Capture (Hi-C) for studying genome-wide interactions *°. Similar to
3C, Hi-C also made use of proximity ligation to convert 3D spatial information of DNA regions
into linear DNA sequences. Yet Hi-C capitalized on the NGS technology to capture all pair-wise
interactions between regions throughout the genome, as opposed to only measuring one (or

several) selected pair(s) of regions by targeted PCR.
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Figure 1-3: Chromosome conformation capture by proximity ligation **. (A) Yeast cells were
fixed by formaldehyde to preserve chromosome structures. DNA was cut by restriction enzyme,
followed by ligation to connect spatially proximal DNA. The presence of ligation junction could
be detected by quantitative PCR, and reflects the proximity of the two loci in 3D space. (B)
Distance between loci could be inferred by the abundance of the ligation products. (C) 3D
structure of chromosome III of Saccharomyces cerevisiae was inferred from the distance matrix
in (B).

Hi-C allowed for classification of each chromosome into “A” and “B” compartments by
principal component analysis *: The matrix of normalized contact frequencies was used to
calculate the contact correlation between regions (i.e. the likelihood that two regions
concurrently contact some other regions); the first eigenvector of the correlation matrix (i.e. the
Principal Component 1, or PC1) was used to define the compartment scores, each of which is a
component of the vector. Interestingly, A and B compartments thus defined correlate with de-
condensed (euchromatic) and compact (heterochromatic) chromatin, gene-rich and gene-poor
regions, and high and low gene expression levels, respectively. Compartment A also showed
enrichment for highly accessible regions (measured by deoxyribonuclease I activity) and the
activating epigenetic mark of H3K36me3. Compartment A turned out to be more closely

associated with open, accessible and actively transcribed chromatin.

The initial Hi-C assay, however, was also a bulk measurement, and it later became clear

that 3D genome architecture varies from one cell to another 2. Rather than mixing together



millions of cells for proximity ligation as reported by Lieberman et. al. in 2009, Nagano et. al.
discovered that the reactions could be performed in situ, namely in intact nuclei. This exciting
finding allowed for ligated DNA from each cell to be processed and sequenced separately,
thereby achieving single-cell resolution. Using the contact probability between pairs of genome
regions, they were able to model and reconstruct the single-copy X chromosome in male Mus

musculus.

Nevertheless, the first single-cell Hi-C method only detected less than 31,000

chromosome contacts per cell

, Which is only around 2.5% of all possible contacts. Genome-
wide nuclear structures can only be poorly resolved (if possible at all) with such sensitivity.

Other approaches have been utilized to elucidate chromatin structures at higher resolution.

1.3.2 Quest for high resolution

Super-resolution imaging, on the other hand, provides a powerful alternative to studying
3D genome structures *. Using Stochastic Optical Reconstruction Microscopy (STORM), Bintu
et al. imaged human chromosome 21 to a spatial resolution of 30kb *’. They identified in single
cells domain structures similar to the topologically-associated domains (TADs) observed from
bulk Hi-C data. These “TAD-like domain structures” varied from one cell to another, but when
data from multiple cells were combined, the domain boundaries agreed with population-level Hi-
C data. Although removing cohesion eliminated the TAD boundaries at the population level,
TAD-like structures were still visible in individual cells, indicating that cohesion sets the
preferential locations for TAD-like domain boundaries but does not serve as a requirement for

the structure to be established in single cells.
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Nonetheless, neither imaging- nor sequencing-based approaches were able to resolve the
chromatin structures to <50kb throughout the whole genome of single diploid cells. In order to
study the genome structure-to-function relationships, we developed Diploid Chromosome
Conformation Capture (Dip-C) based on Multiplexed End-Tagging Amplification (META).
Nuclear structure of each single diploid human cell was resolved to an unprecedented resolution
of 20kb; cell-to-cell variation in genome architecture was revealed; and the cell-type specific
structural differences were illustrated and utilized for cell typing by principle component

analysis.
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Chapter 2 : Determining the linear genomes with

microfluidics

Work presented in this chapter was performed in collaboration with Dong Xing (D.X.) and
Longzhi Tan (L.T.) in the group of Prof. Xiaoliang Sunney Xie (X.S.X.). D.X. and Chi-Han
Chang (C.-H.C.) designed and carried out the experiments; L.T. analyzed the data. C.-H.C.,
X.S.X. and D.X. are inventors on three provisional patent applications, PCT/CN16/97520,
US62/409440 and PCT/US17/46060, filed by the President and Fellows of Harvard College that
cover the methods of whole genome digital amplification, of integrated microfluidics processing
for preventing sample loss, and of de novo assembly of barcoded genomic DNA fragments,

respectively.

2.1 Abstract

Single-cell whole-genome amplification (WGA) allows for cell-specific genomic and
epigenomic features to be investigated at a genome-wide scale. Although previous single-cell
WGA methods have significantly advanced the limits in detection sensitivity and accuracy, long
amplification length (of larger than 1,000 base pairs) has not yet been achieved with high
genome coverage and reproducibility in single cells. We therefore developed Digital
Amplification via Transposon Insertion, which has covered 91% +3% of the genome for every
single cell sequenced and verified to be non-replicating so far, and up to 99% for other cells in
the replicating S (cell cycle) phase. In addition to high coverage and reproducibility, the long

amplification length of approximately 1500bp can provide advantages for haplotyping, genome
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assembly and three-dimensional genome reconstruction, and the capability of absolute allele
counting enables digitized quantification of copy-number variations analogous to the Unique-

Molecular Identifiers commonly used in single-cell RNA-seq.

2.2 Introduction

2.2.1 Limitations of previous single-cell whole-genome amplification methods

Single-cell DNA needs to be amplified to above a certain level in order to be sequenced
by currently available instruments. Genomic DNA of each human cell, for example, needs to be
amplified by at least 1000-fold for sequencing. However, this implies that any amplification
errors that occur at an early stage can also be amplified by hundreds of times, leading to false-
positive genomic variations. On the other hand, any allele that is difficult to be amplified may be
under-represented after WGA and not sequenced, leading to false-negative detection . The
performance of a single-cell WGA method can thus be judged by accuracy, sensitivity, and

reproducibility.

As summarized in Table 2-1, previously reported single-cell WGA methods offer different
advantages and limitations. For our purpose of re-constructing the three-dimensional genomes of
single cells (to be described in Chapter 4), we need both long amplification length and high
genome coverage and reproducibility. For high coverage, LIANTI appears to be the best method
of choice. However, this assay relies on making short fragments (of approximately 400bp on
average) in order to achieve high genomic coverage' (Figure 2-1); when the transposome used in
the LIANTI results in longer DNA fragments, the genome coverage becomes lower. This implies
that high genome coverage cannot be achieved with amplicons of much longer than 400bp with

this technique.
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Long amplicons are essential for capturing single-nucleotide polymorphisms (SNPs)
because human genome contains only one SNP per 1500bp on average (approximately 2 million
SNPs throughout 3 billion bases of a haploid human genome). Because SNP detection is critical
for genome haplotyping and 3D diploid genome re-construction, we aimed to achieve long
amplification length without sacrificing genome coverage. To this end we turned to droplet

microfluidics for linear-like amplification of long amplicons.

Table 2-1: Advantages and limitations of previous single-cell whole-genome amplification
methods

SNV CNV - .
Reproducibility | Major
Method Coverage | performance | performance . c e .
. . ranking limitation
ranking ranking
DOP-PCR | 39% 3 2 1 Low coverage
Qiagen 84% 2 3 3 Low CNV
MDA calling
capability
Yikon 72% 4 2% 2 Low SNV
MALBAC calling
capability
LIANTI 97% (the 1 1 Not available ** | Short amplicon
highest length
cell)
Abbreviations:

DOP-PCR, Degenerate Oligonucleotide—Primed Polymerase Chain Reaction;
MDA, Multiple Displacement Amplification;

MALBAC, Multiple Annealing and Looping—Based Amplification Cycles;
LIANTI, Linear Amplification via Transposon Insertion;

CNV, copy-number variation; SNV, single-nucleotide variation

* MALBAC data need to be normalized for CNV calling.
** Reproducibility should be compared using the same cell line (and ideally by the same

person and sequencing platform), but currently such comparison has only been performed
before the publication of LIANTI 2.
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Figure 2-1: LIANTI assay makes short DNA molecules (approximately 400bp on average) in
order to achieve high genome coverage of single cells /. However, for applications such as
haplotyping and de novo assembly, both long DNA length and high coverage are essential.

2.2.2 Droplet microfluidics for single-cell whole-genome amplification

The reason why PCR leads to biased amplification and thus low coverage is that all the
DNA templates are in the same tube, and whichever template gets copied less efficiently
becomes under-represented and the gap widens exponentially as PCR cycling proceeds. The
overly under-represented sequences would hardly be detected by sequencers. However, if each
DNA template is isolated in one small volume, one can perform sufficient PCR cycles for every
micro-reaction so that each template gets copied to (more or less) the same level of final
saturation. For a single human cell, the genome length of approximately 6 billion base pairs
(considering two copies of each chromosome) implies that there will be 4 million DNA
molecules if the average length is 1500kb. To date, droplet microfluidics offers the only tool for

generating this many micro-reactions in a realistic experimental time frame.

In fact, digital droplet PCR are commonly used to quantify the absolute copy number of

sample DNA molecules °. However, when the droplet technology is applied to single-cell WGA,
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at least three major steps need to be taken care of: 1) Instead of targeted PCR, WGA aims to
amplify a diverse composition of DNA sequences throughout the genome, so either random
priming or specialized approaches (such as transposon insertion) need to be tested for PCR. 2)
Every step should be optimized to minimize DNA loss, because each genomic region is only
represented by one or two alleles in a diploid human cell (e.g. for heterozygous and homozygous
regions, respectively). 3) Depending on the genome size and DNA template length, sufficiently
many droplets need to be made in order to minimize competition between templates for reagents

within the same droplet.

In 2015 and 2016, three different research groups reported the use of droplet micro-
reactions for amplifying the genomes of single E. coli cells, all using the chemistry of Multiple
Displacement Amplification (MDA) ®®. However, E. coli genome is smaller than human
genome by ~1300 times; to evaluate the performance of genome coverage for our interest in

human genome, we shall consider techniques applied to human cells’.

Fu et al. applied droplet microfluidics and MDA chemistry for amplifying human cells,
but they did not perform deep sequencing to determine whole-genome coverage °. Instead, they
estimated that 72% of the copy-number gains were captured and, after exome-enrichment in
experiments, 90% of the exome regions were detected. Nevertheless, these results do not provide
information on the raw coverage that we need for the whole genome and, even if such
information is available, the cell lines studied contain copy-number gains that would make the
coverage appear higher: For example, a region with four copies (with copy-number gain) is
much more easily detected (covered) than a normal region with two copies on diploid human

genome.
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Taking advantage of transposon-based technology, we developed a new tool for whole-
genome amplification using droplet microfluidics with three goals in mind---- to provide high
genome coverage for single human cells, to produce long amplicons for haplotyping, and to

obtain reproducible results in coverage and amplicon length.

2.3 Results

2.3.1 Quality control

After technical development and optimization, five deep sequencing runs have been
performed for 13 single BJ cells, which is a type of primary human foreskin fibroblasts. For each
cell we investigated the read depth, allele counting statistics, and GC bias throughout the
genome. Figure 2-2 shows the read depth and GC bias plots for two example cells from the first
sequencing run. A flat profile of average depth (such as that of SC2) typically indicates high
amplification evenness for a cell in G1 (cell cycle) phase; otherwise, either the amplification bias
is large between different genomic regions, or the cell had already replicated. Similarly, a flat
GC-profile implies even amplification for regions regardless of their base composition, whereas
large variation in read depths between regions of different GC contents reflects skewed

amplification or the presence of additional alleles in a cell in the S (cell cycle) phase.
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Figure 2-2: Read depth and GC bias calculated from the sequencing data for two example cells.
(Average depth: the average number of times each base is sequenced) The left panel reflects the
average read depth along the whole genome. The right panel shows the percentage of G and C
bases of each bin and its associated average read depth. A replicating cell (such as SC14) tends
to have significantly more bias along the genome and between genomic bins of different GC
compositions compared to a cell in the G1 cell cycle phase.

While the genome-wide read depth plot reflects the relative number of alleles between
different genomic bins, it is allele counting that provides absolute copy number information for
each region covered by each read !. Allele counting for every sequenced cell reveals that 6 out of
the 13 cells were at the non-replicating G1 phase (Table 2-2), because >98% of the covered
genomic regions contained only 2 alleles or less. It is worth noting that SC2 and SC14 shown in
Figure 2-2 correspond to a non-replicating and a replicated cell, respectively, agreeing with the

fact that replicating cells tend to have more biased read depth and GC profiles.

2.3.2 Coverage and reproducibility

Whole-genome coverage results are summarized in Table 2-2 for every cell sequenced so

29 €6

far. (Unless otherwise noted, “genome coverage”, “whole-genome coverage” or “whole-genome
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amplification coverage” means the percentage of autosomal regions that are sequenced.) For the
cells verified to be at the G1 phase, genome coverage was independently estimated from the
coverage of chromosome X for additional confirmation. The estimation was based on mapping

statistics for chromosome X (having only one copy per cell for this male cell type):
Estimated whole-genome coverage = 1 — (allele dropout rate for chrX)>?,

where the allele dropout rate is the percentage of chrX regions not detected (non-covered) for the
cell. Because a diploid cell has two copies of each autosome, the probability for an autosomal
region to be non-covered is the probability that both alleles are missed, and so the coverage (the
complement of non-covered percentage of genomic regions) can be estimated by the above
equation. Each estimated coverage is close to the directly measured whole-genome coverage
(difference within 2.5%), reassuring the validity of the genome coverages obtained from our

pipeline.

The replication status for each cell is inferred from allele counting statistics, which is
shown in Table 2-3 for 4 example cells. Counting of alleles was performed according to the
previous work of LIANTI !. The anticipated percentage of genome with each allele count was

calculated based on cell-specific coverage results according to the Binomial Distribution:

C _ ! _
fue (kd.e.2) = (1) 29 (1 = 2D = e 2 (1 =)k,

where farele (kd,c,z) is the anticipated percentage of autosomal regions having kd alleles detected
in a cell with ¢ autosome copies (c=4 for a fully replicated cell), and z is the detectability (e.g.
probability that each DNA molecule is detected) measured by observed allele counts for a cell

with ¢ autosome copies:
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where pid 1s the observed percentage of regions having kd alleles detected.

Take cell SC9d3 in Table 2-3 for example, assuming the cell had already replicated to
have c=4 copies of each autosomal chromosome, the anticipated percentage of autosomal regions

having kd=3 alleles detected in this cell is calculated by

4!

fallele (394) Z(49pkd) ) = 31 (4_3)!

z3 (1 —2z)! and

kd= kd=4
Ykder Kd*prg _ Yrgo; Kd*prd _ 1x49.36% + 2%20.06% + 3%0.79% + 4+0.03%
4 4 4

z=7(4,pxd) = =22.99% ~ 0.23

so that

4!
3! (4-3)!

fanetle (3,4, 0.23 ) = 0.233 (1 —0.23)1 =0.0374 = 3.74%

If the observed percentage for each allele count of 3 or 4 divided by that of anticipation
(namely, the probability of having “extra” alleles above the typical number of 2) is much less
than one, we consider the cell to be non-replicating, such as for cell SC9d3 and cell SC17d4.
Otherwise, if the observed/anticipated ratio is close to one, the cell is considered replicated, such
as SC6d4 and SC13d7. This allows us to tell if the cell was unlikely to have replicated or if it had

replicated.
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Table 2-2: Whole-genome coverage for every single cell sequenced. 6 out of the 13 cells were
verified to be non-replicating by allele counting. Theoretical coverages calculated from non-
covered regions on chromosome X (single-copy in this male cell line) are similar to the whole-
genome coverages directly observed from the data.

Sequencing Cells Cell status/ Whole-Genome C overage
. estimated from
run sequenced | Quality control Coverage chrX alleles
SC2 Non-replicating | 91.9% 92.5%
SCé6 Non-replicating | 89.2% 90.7%
1 SC14 Replicated 85.9%
SC3d2 igﬁﬁred read | g9 0oy,
SC10d2 Non-replicating | 85.4% 87.5%
2 scia3 | Possibly 97.7%
replicated
SC9d3 Non-replicating | 93.1% 94.7%
SC6d4 Replicated 98.9%
3 SC10d4 Replicated 99.1%
SC12d4 Non-replicating | 93.4% 94.1%
4 SC17d4 Non-replicating | 93.0% 94.4%
5 SC13d7 Replicated 96.5%
SC24d7 Replicated 97.4%
Coverage for non-replicating cells: 91.0% on average (standard deviation 3%)

Table 2-3: Allele counting statistics for four example cells. Transposon-based whole-genome
amplification methods allow for the alleles of each covered region to be counted. Whether or not
a sequenced cell had replicated can thus be inferred.

Observed percentage of autosomal Anticipated per'centag.e of Observed /
resions havin autosomal regions with Anticipated Cell
Cells g g o kd alleles detected (%) P status
sequenced kd alleles detected (%) for a fully replicated cell percentage
kd=0 | kd=1 | kd=2 | kd=3 | kd=4 kd=3 kd=4 kd=3 kd=4
SCod3 | 29.76 | 49.36 | 20.06 | 0.79 | 0.03 3.74 028 | 0.21 0.11 Shlase
SC6d4 12.67 | 34.83 | 3498 | 14.95 | 2.47 15.25 2.53 | 0.98 0.98 | S phase
SC17d4 33.06 | 48.48 | 17.64 | 0.81 | 0.02 3.14 0.22 | 0.26 0.08 ICJ}hlase
SC13d7 20.08 | 39.92 | 29.23 | 9.45| 1.27 9.59 1.18 | 0.98 1.07 | S phase
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2.3.3 Digitized allele counting

Transposon-based WGA techniques can in principle provide digitized allele counting.
However, applying allele counting procedures to LIANTI, certain spikes indicating an allele
number of more than 1 are still seen in the region of chr1:72,710,000-72,890,000, which should
only contain one copy, as illustrated in Figure 2-3. The reason behind these spikes are still
unknown. For DIANTI, allele counting has led to accurate quantification of the allele number

without the unexpected spikes.

Copy Number Loss Bulk Read Depth

I i
I I
o (one allele) I
I I
| I

LIANTI Allelic Arrangement
I

| HW“ "IJ' LT IIIIIII‘ IIWD:mI” MM

Chr1: 72,710,000 72,890,000

Figure 2-3: DIANTI provides accurate digital counting of alleles that reflects the copy number
of the initial genome. A) Copy number loss in this chrl region is seen from bulk data for the BJ
cell type, which is used in LIANTI’ and DIANTIL B) LIANTI can infer the copy number for this
region despite a number of spikes of unknown sources. C) DIANTI most accurately provides the
copy number of one for this region thanks to digitized allele counting.
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2.3.4 Sensitivity and accuracy in variant calling

The comparison of SNV allele dropout and false-negative rates between DIANTI and
other single-cell WGA techniques is provided in Figure 2-4. Both DIANTI and LIANTI data
came from the same cell type from the same vendor (ATCC catalog # CRL-2522). Other than
LIANTI, DIANTTI achieves the lowest allele dropout and false negative rates. However, it is
worth noting that the statistics of LIANTI were obtained from only 3 cells listed in Table S1 of
the paper; data from more cells verified to be non-replicating will be very useful for

reproducibility evaluation and coverage comparison.
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Figure 2-4: Allele dropout (ADO) and false negative rates (FNR) for different single-cell whole-
genome amplification techniques /. Other than LIANTI, DIANTI provides the lowest allele
dropout and false-negative rates compared to other methods. It is worth noting, however, that the
statistics of LIANTI came from only 3 cells; data from more cells verified to be non-replicating
will be very useful for further comparison.
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Figure 2-5 shows a comparison of single-nucleotide variation (SNV) calling capability for
different methods. DIANTI gives rise to a very high false positive rate compared to other
methods, likely due to the DNA polymerase used, Depp Vent (exo-) (NEB M0259S). If DIANTI

is to be used for SNV calling, Q5 polymerase (NEB M0491S) can be used.
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Figure 2-5: False-negative rates of single-nucleotide variations (SNVs) for different single-cell
whole-genome amplification techniques /°. DIANTI does not perform well in single-nucleotide
variation calling due to its high false-positive rate (FPR) in general (left) and for non-C-to-T
mutations (right), reflecting the low fidelity of the polymerase used.

Although copy-number variations (CNVs) can be accurately determined by allele
counting in DIANTI, it is helpful to investigate amplification evenness measured by the
coefficient of variation (CV). Lower CV implies better evenness and capability of CNV calling
for methods without allele counting capability. Figure 2-6 shows a comparison of CV between
different techniques and between G1- and G2-curves for DIANTI. Data from the exemplary G2

cell apparently gave rise to better CV results than its G1 counterpart. For other methods,
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however, cell cycle verification had not been reported; such information, if available, will be

helpful for further comparison.
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Figure 2-6: Coefficients of variation (CV) for different single-cell whole-genome amplification
techniques /. Other than LIANTIL, DIANTI for G1 cells provides the lowest coefficient of
variation curve. It is currently unclear whether data from other techniques came from G1-phase
cells due to lack of allele counting accuracy or capability. For the exemplary G2 cell, DIANTI
data gave rise to a much lower CV curve compared to its G1 counterpart.

2.3.5 Length distribution of lost regions

DIANTI makes use of only one transposon DNA sequence for PCR priming to avoid
primer dimers, which is especially important because we need to run 30-40 PCR cycles to reach
saturation. This also implies that short fragments may not be easily amplified due to self looping.

We therefore investigated the length distribution of lost regions and their contribution to loss in
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genome coverage. Indeed, most lost regions are <200bp in length, as shown in Figure 2-7, and
approximately half of the non-covered bases came from holes with <1500bp in length, as shown
in Figure 2-8. This phenomenon is observed for every cell analyzed so far, indicating that self-

looping of short DNA may be the major reason for allele dropout.
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Figure 2-7: Most genomic regions not detected by DIANTI are <200bp in length.
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Figure 2-8: Approximately half of the non-covered bases on chrX are located in regions shorter
than 1500bp, indicating that short fragment lost may be the major reason for allele dropout.
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2.4 Discussion

Investigation into all the cells processed by DIANTI clearly shows high reproducibility
and genome coverage of 91% + 3% (average + s.d.). To our knowledge, other techniques have
not shown such high coverages reproduced for more than 3 cells so far. In fact, it remains to be
clarified whether data from other techniques came from non-replicating cells. Such replication

status verification can indeed be tricky if only relative copy-number variation is determined.

DIANTI offers an advantage for digitized allele counting for accurate copy-number
variation calling. This also allows for replication status to be accurately quantified. Our genome
coverage can thus be confidently reported to be reproducibly high without over-estimation due to

replication, copy-number gain, or aneuploidy.

In addition, DIANTI can amplify long genomic DNA of 1500bp on average. Pre-droplet
processing and microfluidic design have been optimized to achieve such performance. With the
high reproducibility, genome coverage, digitized allele counting and long amplification length,
this transposon-based whole-genome amplification approach is expected to be extended and

adopted for haplotyping and 3D genome reconstruction for single cells.
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2.5 Materials and methods

2.5.1 General scheme

We chose to use transposomes to fragment genomic DNA while attaching “tags” onto
each fragment for PCR (similar to LIANTI), so that each of the resulting “tagmented” DNA
molecules contained a unique sequence mark for absolute allele counting. One major advantage
with this transposon-based approach is that after sequencing, alleles throughout the genome can
be counted to determine whether the cell was at G1 phase: If data show that the cell had more
than two alleles throughout the genome, it was likely in the S phase, and the whole-genome

amplification coverage would be over-estimated.

The general design is shown in Figure 2-9: transposition of genomic DNA from a single
cell leads to single-stranded DNA “gaps”, which needs to be filled by DNA polymerase to
become double-stranded. Each DNA molecule is then encapsulated into a droplet (with most
droplets containing one molecule per drop), and all the droplets are subject to PCR temperature
cycles in order to separately amplify each DNA template as done in digital PCR. We call this

approach Digital Amplification via Transposon Insertion (DIANTTI).
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Figure 2-9: Scheme of Digital Amplification via Transposon Insertion (DIANTTI). Genomic
DNA from a single cell is tagmented; each DNA molecule is encapsulated into a droplet; and
PCR is performed for all the droplets to amplify the genomic DNA in separate micro-reactions.
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2.5.2 Practical setup

Multiple options were tested to arrive at this workflow: Each cell was mouth pipetted into
a PCR tube for cell lysis, transposition (followed by transposase removal by Qiagen Protease and
then protease inactivation by heat), and gap filling in a reaction of 100ul. The resulting
tagmented DNA was then transferred onto a chip for droplet generation. These pre-droplet
processing steps are shown in Figure 2-10. Note that all apparatus in contact with the cellular
DNA, including the microfluidic chip and transfer tube, should be pre-incubated with BSA for 1

minute to avoid potential DNA affinity to the surfaces.

A co-flow microfluidic chip was designed and fabricated to efficiently generate droplets
for digital PCR: One syringe pump injected droplet generation oil (Bio-Rad Droplet Generation
Oil for EvaGreen) through the Oil Inlet into the chip, while the other pump simultaneously
injected the genomic DNA (gDNA) solution containing PCR mix through the gDNA Inlet into
the chip. Because all the inner surface of the microfluidic chip had been pre-treated (with the
Aquapel® reagent) to become very hydrophobic, when the hydrophobic oil flowed from both
sides into the stream of the hydrophilic water-based solution with gDNA, water-in-oil droplets
were automatically generated and then collected at the Outlet into a 1.5ml tube. The tens of
millions droplets with 12.5+1.5um diameters would float above oil due to lower density, and
form a layer of white “emulsion” in the tube. These droplets were then transferred into smaller
tubes for PCR thermocycling. Finally, perfluoro-octanol was added to each PCR tube; hand
shaking followed by brief centrifugation led to merging of all the micron-sized droplets into a
single big drop of a few milli-meters in diameter that contained amplified gDNA. The amplicons

were then purified and prepared into a library for sequencing.
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2.5.3 Design and optimization

Although droplets could be rather easily generated by connecting two pumps to the chip,
the design of the microfluidic circuit had to be optimized to produce sufficiently many droplets
within a feasible experimental time frame. Most droplets should have contained at most one
DNA molecule, so the number of droplets to be made depended on the average template length
for a given genome (human, in our case), which could also affect genome coverage: If templates
were too long, DNA polymerase could not amplify it; if too short, the DNA could easily form

hairpin structures that prevented PCR priming and amplification.

To optimize for genome coverage without costly sequencing, we did quantitative PCR
targeting 8 genomic regions for the amplified product from each cell. The primer sequences are
given in Table 2-4. These primers allowed us to tune the amplicon length, droplet size and

number, and PCR cycling conditions to achieve high coverage without sequencing each time.

Table 2-4: Primers targeting eight regions along human genome for quantitative PCR to estimate
genome coverage for technical optimization.

Targeted region . , , ) , ,
on which Forward primer (5’ to 3”) Reverse primer (5’ to 3”)
chromosome

chrl TGACGTTGGGCCTGAAATAG GACTGAGGGAATGAGTAGGTTTC

chr2 CTGACTGGGTGGAAGATTTG GTGTTGGATGGATTGCTTATTG

ch3 TATCTCCCTGGACTCTCTAAC | CCATGCACACCAATCCATTATCT
C

chrd CCTTGGTACCTGGGTGTAATC | CCCACCAAGTTCTAGTTCCTATC

chrs TCTCACCAGGTCTCATGCTTA | GCAACCATAGAGCCACCTTAT
T

chr6 GGTTCTTGAGGCAGGAGATTA | ACATTACGGAGAGGCACATTTAT
G AG

chr7 CAGAGTGAGAACCTGCCATTA | AGCTCCCAAGCTCCATTTAC
TAG

chr8 CCTCTTCCCACTGCATCTTAC | AAAGCCTCCTACCCTCTCTATTA

AG
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An average template length of 1500bp (1.5kb) turned out to provide the highest genome
coverage in single cells through a series of optimization. This implies that approximately 4
million DNA template molecules resulted from transposon insertion into the gDNA of a single
cell (with ~6 billion base pairs). For the 100ul of tagmented gDNA solution, we optimized the
microfluidic design to generate 50 million droplets (with ~2 pico-liter volume) within 25 minutes
for every cell, allowing for most droplets to contain at most one molecule per drop based on

Poisson statistics:

e~An

)

P (A, n)=
where P (A, n) is the probability that a droplet contains n DNA molecules given that the
average occupancy rate is A molecules per droplet.

Moreover, we can calculate the probability that a DNA molecule shares the same droplet

with one or multiple other molecules (namely the probability that DNA molecules are not

digitally amplified):
' 1 P (A1)
Pnon-smgleO\t) 1 —%:c{o n P(Ln)

In our optimized case, we have

_ 4,000,000 DNA molecules
50,000,000 droplets

= 0.08 molecules/droplet

So approximately 99.7% (= P(0.08,0) + P(0.08,1) ) of the droplets contained no more than
one molecule per droplet, and only around 7.7% ( = Puon-single(0.08) ) of the DNA templates may
not be digitally amplified (Table 2-5). Note that if AL were to be 0.04, Pron-single would be smaller

and the amplification evenness might be slightly better in principal, but in practice this would
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require twice as many input gDNA solution or half the droplet volume, which was tested and led
to much longer experimental time and thus lower throughput. The droplet generation rate
corresponding to A=0.08 was therefore chosen.

Table 2-5: Percentage of droplets containing different numbers of DNA molecules based on
Poisson statistics. A=0.08 is our experimentally optimized condition.

P ()\., 1’1:0) P (}\4, Ilzl) P ()\., I’IZZ) P (}\,, n:3) Pnon-single(}\.)

A=0.16 85.21% 13.63% 1.09% 0.06% 14.73%
A=0.08 92.31% 7.38% 0.30% 0.01% 7.68%
A=0.04 96.08% 3.84% 0.08% 0.00% 3.92%

+ PCR mix,

Incubation + W incubation

_— — >
@& L. Cell lysis 2. Transposon 3. Gap filling
insertion

4. Transferring E Load onto chip
into syringe =
—_—> = —
! solution DropletS

Figure 2-10: Pre-droplet processing steps of each single cell: 1) Each cell was isolated into a
tube for lysis. 2) The genomic DNA was tagmented by transposomes. 3) The single-stranded
DNA gaps were filled by DNA polymerase. 4) The solution was transferred onto a microfluidic

chip for droplet generation. Only two syringe pumps and the chip were needed for making
droplets; a microscope or camera could be useful for monitoring droplet generation, but was not

required.
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Figure 2-11: Droplet generation and digital PCR. A) An optimized microfluidic co-flow design
was used to encapsulate genomic DNA molecules into droplets. B) Droplet generation could be
observed through a microscope and camera (although the droplet shapes would be distorted if the
frame rate was not high enough). C) Micron-sized water-in-oil droplets floated above oil in the
collection tube. D) All the droplets containing gDNA in PCR mix underwent PCR thermocycling
for amplification. E) All droplets were merged; the amplified DNA was purified and sequenced.
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Chapter 3 : Detecting single-nucleotide

variations on linear genome
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and Longzhi Tan (L.T.) in the groups of Prof.’s Xiaoliang Sunney Xie (X.S.X.) and Heng Li.
D.X., L.T., Chi-Han Chang, and X.S.X. are investors of patent WO2018217912A1 filed by the
President and Fellows of Harvard College that covers Multiplexed End-Tagging Amplification
(META) and META of Complementary Strands. This work is being prepared as a manuscript for
publication. We thank Sabin Mulepati (Harvard University, currently Intellia Therapeutics) and
Chongyi Chen (Harvard University, currently National Institutes of Health) for helpful

discussion.

3.1 Abstract

Determination of single-nucleotide variations (SNVs) has proved indispensable in a
wide spectrum of scientific and clinical applications, ranging from neurological disease
characterization and ancient DNA studies to Prenatal Genetic Diagnosis and Screening
(PGD/PGS). SNV detection in single cells is often needed for samples at low cell numbers or
with significant cell-to-cell heterogeneity. Current methods for SNV measurement in single cells,
however, are error-prone, complicating data analyses and interpretation. We therefore developed
a highly accurate single-cell whole-genome amplification method capable of detecting less than
100 true SN'Vs per cell. This technique, called Multiplexed End-Tagging Amplification of

Complementary Strands (META-CS), has revealed oxidative guanine damage on single DNA
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strands that increase with age in mature human neurons, and suggested potentially undiscovered
mutation mechanisms in T and certain B cells that led to their distinct SNV signatures compared
to other hematopoietic cell types. Contrary to the typical understanding that cell types are mostly
characterized by gene expression profiles, we found that SNV spectra can be used to distinguish
different cell types via principle component analysis, suggesting cell-type dependent mutation

mechanisms at play.

3.2 Introduction

Single-nucleotide variation (SNV) is a genomic mutation that involves a single-base
change compared to the reference genome, which can be the consensus reference for the species
or the averaged genomic sequence of a group of cells. SNV can be a single-base deletion,
insertion, or substitution, which can be either transversion (change from purine to pyrimidine or
vice versa, such as from cytosine to adenine, C>A) or transition (change from one pyrimidine
base to another, or from one purine to another, such as from cytosine to tyrosine, C>T). A
commonly studied type of genomic variation, SNV is known to be caused by UV damage, drug

treatment, radiation, and various other internal and external (environmental) factors !>

3.2.1 Causes of false-positives

Due to the random nature of mutation, the locations and types of SNVs often differ from
one cell to another throughout the genome. Single-cell whole-genome amplification (WGA) has
thus been employed to detect SN'Vs in each cell in a genome-wide manner. Multiple
Displacement Amplification (MDA) has been used to study SNVs in single neurons and cancer

cells ®®; however, the elevated C>T transition rate has been found to be an artifact that resulted
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from DNA damage during the amplification process >°. In addition, Multiple Annealing and
Looping—Based Amplification Cycles (MALBAC) has been used for SNV characterization in
both cancer and sperm cells, but the false-positive rates were so high that kindred cancer cells

had to be sequenced to determine the consensus between cells for accurate SNV calling '%!!,

The above examples represent two major challenges in accurate SNV detection: First,
DNA damage occurs naturally during cell lysis and DNA amplification and can be recognized by
DNA polymerases as a different base from the original one on the genome. Although DNA
damage also happens in vivo, the mutation can be repaired by the cell, which is not the case
during WGA as the cell is lysed. Moreover, even without DNA damage, DNA polymerases can
also make errors at a rate of 10 to 10, implying that ~6,000 to 600,000 errors may occur
during the first cycle of amplification for a human cell with approximately 6 billion bases. These
two factors lead to false-positive SN'Vs that exceed the number of true SNVs in normal human

cells.

3.2.2 Correcting for false-positives

It is worth noting that both of the aforementioned sources of false-positive SNVs only
occur on one of the two strands of DNA during amplification, whereas a true SNV should be
present on both strands, as illustrated in Figure 3-1. This suggests potential solutions for
identifying the true SNVs by calling consensus mutations from both strands. Previously reported
experimental approaches include physical separation of two strands'? and ligation of strand-
specific adapters !4, but these approaches suffer from DNA loss which increases false-negative

rates.
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Figure 3-1: False-positive or true single-nucleotide variations occur on single or double strands
of DNA, respectively, suggesting potential solutions for filtering out the false-positives by
measuring and comparing sequences from both DNA strands.

In order to accurately detect SNVs in single cells, we developed Multiplexed End-
Tagging Amplification of Complementary Strands (META-CS) to label each strand of the
double-stranded DNA and use the consensus sequence to call true SNVs in individual cells. The
most accurate DNA polymerase has been used to achieve high fidelity. The whole process from
amplification to library preparation takes less than a day, with the capability of parallelization for

tens of cells manually (and more with automation).

3.3 Results

3.3.1 Technical verification

We have designed primer sequences and arrived at the workflow illustrated in Figure

3-2. Briefly, transposome complexes were assembled by mixing Tn5 transposase with 16
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transposon DNA sequences, and were used to fragment genomic DNA while attaching a tag to
each end of a DNA molecule. Tn5 transposase was removed by protease digestion and the DNA
gap left by transposition was filled. Each double-stranded DNA template was denatured into a
forward and a reverse strand, followed by one cycle of PCR using only Read 1 (R1) primers. The
R1 primers were then removed by exonuclease digestion, followed by further PCR with only R2
primers. The resulting pool of amplified DNA (amplicons) can be sequenced and the forward
and reverse products can be distinguished: If Read 1 sequence maps to the reverse sequence on
the reference genome and read 2 to the forward on reference, then the amplicon must have come
from the forward strand of a DNA template. Conversely, if Read 1 maps to the forward sequence
on reference and Read 2 to the reverse, then the amplicon must have come from the reverse

strand.

To verify the performance of this assay, we first sequenced kindred cells of the human
haploid cell line, eHAP. On day 0 one cell was seeded, and it quickly expanded into a clone
within a couple of days. As depicted in Figure 3-3A, on day 5, 10 cells were picked and
successfully processed by META-CS. The rest of the cells were re-seeded together for further
expansion until day 13, when more single cells were isolated for META-CS processing and the
other cells were used for bulk genomic DNA extraction. Both the single cells and bulk genome

were sequenced.

For the day-5 cells, only 70 + 25 (average + s.d.) autosomal mutations were detected per
cell when strand filtering was applied (Figure 3-3B and Figure 3-4A). Without strand filtering,
the number of mutations per cell appeared to be 4439 + 464 for a calling threshold of 4 reads,
and the number decreased with the threshold, indicating the false-positive nature of these

seemingly large numbers of SNVs. The detected numbers of SNVs differ dramatically with and
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without strand filtering, reflecting the importance of false-negative removal by strand labeling

and comparison.
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Figure 3-2: Workflow of Multiplexed End-Tagging Amplification of Complementary Strands
(META-CS). (A) Preparation of transposomes with 16 different sequences. (B) Fragmentation
and end-tagging of genomic DNA. (C) Transposase removal by protease and DNA gap filling
followed by denaturation of each double-stranded DNA template into a forward and a reverse
strand. (D) Strand labeling. One cycle of PCR was first performed using only Read 1 (R1)
primers, which were then removed by exonuclease. Further PCR was performed with only R2
primers. Amplicons from each forward strand would have its Read 1 sequence mapped to the
reverse sequence of reference human genome and Read 2 to the forward on reference, and vice
versa for amplicons from each reverse strand.
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Figure 3-3: Detection of single-nucleotide variations (SNVs) in kindred cells shows the
important of strand-specific correction for false-positives. (A) Procedure for clonal expansion
from one single cell and timepoints of cell collection for single-cell or bulk sequencing. (B)
Without strand-specific correction (top curve), the numbers of SNVs detected per cell vary
drastically depending on the thresholds set for SNV calling. Without strand-specific correction
(bottom curve), only 4 sequencing reads are needed to call an SNV; increasing the threshold of
read number to 8 does not significantly alter the detectability. Error bar: standard deviation.

In addition to the numbers of SNVs detected, the mutational spectra for day-13 eHAP
and for sperm were also analyzed for evaluating the method. Although day-13 eHAP showed an
elevated level of SN'Vs detected per cell (231 £ 65, compared to 70 + 25 for 5-day eHAP)
(Figure 3-4B vs Figure 3-4A), their mutational spectra are very similar, as shown in Figure 3-4D
and Figure 3-4E. This similarity is not due to systematic errors in that the spectrum for sperm
cells processed by META-CS, shown in Figure 3-4F, is quite different from those of the eHAP
cells. It is also reassuring that the number of SN'Vs per sperm cell, 114 + 45 (Figure 3-4C), is
close to the reported number of 92 (with 95% confidence interval 80-105) for the donor’s age of
56 '3, and that our measured mutational spectrum for sperm is highly correlated with that from

the report 1> (r=0.93), as compared in Figure 3-4G.

These results together indicate the accuracy of our method for SNV detection. Given
that day-5 eHAP cells contained on average 70 mutations per cell, we estimate the upper bound
of false-positive SNV rate to be 70 per 2.9Gb genome, or ~2.4 x 10®, assuming that all the

detected mutations happened to be false positives. This “estimation”, however, is very
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conservative in that a certain number of true SNVs is expected to be present, and the real false-

positive rate will be reduced by the rate of true SN'Vs.
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Figure 3-4: The numbers and types of SNVs in eHAP and sperm cells. (A-C) Box and whisker
plots of the numbers of SNVs in day-5 and day-13 eHAP and sperm. Each dot represents a cell.
(D-F) Mutational spectra for day-5 and day-13 eHAP and sperm. Error bar: standard error. (G)
Highly correlated mutational spectra from sperm cells reported in previous literature’” and from
META-CS.

3.3.2 Increased SNV in aging neurons

Following technical calibration, we investigated SNVs in human prefrontal cortex (PFC)

neurons from postmortem brain tissues of three individuals of different ages. SN'Vs in neurons
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have been associated with aging and neurological diseases, and have been studied using single-
cell MDA®’. SNVs in these studies, however, are enriched for C>T mutation, which may have
resulted from deamination of cytosine during the amplification process and not from true SNV's

29 We thus aimed to investigate true SNVs in single PFC neurons with higher accuracy.

As shown in Figure 3-5A, the numbers of SNVs follow an increasing trend with age.
The 19-year-old (n=10), 49-year-old (n=11) and 76-year-old (n=11) neurons had 379 + 66, 871 +
123, and 1304 £+ 202 SNVs per cell, corresponding to an increase rate of ~16 SNVs per year.
This trend of accumulation agrees with previous finding 7, but the numbers detected here are
much lower 7 potentially due to the removal of false-positives in our study. Among these SNVs,
most are T>C and C>T transitions (Figure 3-5B), which likely stemmed from adenine and
cytosine deamination that occurs naturally on DNA '®. Such transition is normally repaired in

vivo, but may turn into an SNV when the repair is not performed.

Analysis on the locations of the SNVs shows that they are depleted from late-replication
domains but enriched in both exonic and intronic regions (Figure 3-5C), supporting the
hypothesis that SN'Vs in non-dividing neurons may result partially from transcription-associated
DNA damage °. Together with the domination of T>C and C>T transitions over other SNV
types, we hypothesize that adenine or cytosine deamination is not well repaired in transcribed

regions of mature neurons, leading to the dominance of the transitions that increase with age.

It has been suggested that dividing cells may have single-stranded DNA (ssDNA)
accumulated during late stages of DNA replication, and that such accumulation can lead to a
higher de novo mutation rate in late-replication domains 7. Because neuron cells do not divide,

our finding of SNV depletion from late-replication domains is not inconsistent with the previous
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report for dividing cells. Rather, the previous finding and our results suggest that we investigate

into DNA damages that occur on only one strand of DNA.
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Figure 3-5: Numbers, types, and genomic locations of SNVs in human prefrontal cortex
neurons. (A) The numbers of SN'Vs per cell from a 19-year-old male (red), 49-year-old male
(blue), and a 76-year-old female (orange). Each dot represents a cell. The data is fitted by linear
regression with 95% CI. (B) Relative contribution of each type of mutations averaged over all
the 32 single cells from three individuals. Error bar: standard error. 2883 mutations were
measured in total. (C) Enrichment or depletion of SNVs in exons, introns and regions of different
replication timing (early, mid, and late). The expectation is based on random distribution of
SNVs along the genome. Error bar: 95% CI. * P < 0.005, ** P <0.0001, two-tailed binomial test.

3.3.3 Increased oxidative damage in aging neurons

By labeling each strand, META-CS is capable of detecting damage, or mutation, on
ssDNA. Although false-positives cannot be corrected by strand filtering in this case, we can still
compare the relative abundance between samples of different ages. Similar to the trend for
SNVs, ssDNA damage also increases with age (Figure 3-6A). However, such increase in not
seen in most types of mutations, but mostly in the G>T type of transversion (Figure 3-6B), which
is known to be a result of guanine oxidation to 8-hydroxyguanine . It was previously suggested
that guanine oxidation damage started to occur in specific promoter regions of neurons after the
age of 40, becoming evident after the age of 70 '°; our results provide supporting evidence with

single-cell resolution.
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Figure 3-6: Numbers and types of single-stranded DNA (ssDNA) mutations in human prefrontal
cortex neurons. (A) Box and whisker plot of the numbers of ssDNA mutations in single neurons
from individuals of three different ages. Each dot represents a cell. * P <0.05, ** P< (.01, two-
tailed #-test. (B) 12 types of ssDNA mutations in neurons from individuals of three different
ages. Mutations from purines and pyrimidines are displayed at the top and bottoms halves,
respectively. ** P< 0.01, two-tailed ¢-test. Error bars: standard error.

3.3.4 Higher genome-wide mutation rates in B cells with somatic hypermutation

Mutations in hematopoietic stem and progenitor cells (HSPCs) have been found to be
associated with hematologic cancers and can be studied by expanding single cells into clones.
For non-diving peripheral blood mononuclear cells (PBMCs), however, clonal expansion is not
an option for studying SNVs in single cells. With the accuracy of META-CS, we aim to uncover
the mutational spectra of PBMC:s. A total of 53 single PBMCs from a healthy male donor (same

as the sperm donor) have been amplified and sequenced.

In these PBMCs, the SN'Vs form a pattern that highly correlates (r=0.991) with that of
HSPCs from literature 2° (Figure 3-7A), and they are enriched in late-replication regions and
depleted in transcribed regions (Figure 3-7B) just as stem cells are 2!. These results suggest that
the SN'Vs in PBMCs may be generally inherited from HSPCs. Moreover, the number of SNVs

detected per PBMC, 1494 + 721, is much higher than that for sperm, 114 + 45 (Figure 3-4C), but
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is comparable to other tissues represented by organoid cultures 2!, confirming a higher mutation

rate in somatic versus germline cells 2.

However, not all PBMCs share similar numbers and patterns of mutations. From V(D)J
recombination patterns revealed by the genomic sequences, 15 cells can be distinguished as B
lymphocytes and 22 as T lymphocytes. Within the B cell population, 4 cells have shown
significantly elevated mutation rates at immunoglobin gene loci (> 3 mutations within 2kb
regions of an immunoglobin gene) (Figure 3-8), corresponding to cells that underwent somatic
hypermutation (SHM+ cells) during development. The number of mutations in such a small
region is minimal compared to the genome-wide number of more than 1,000 SNVs in general,
but the mutation rate of > 1.5 SNV/kb in these SHM regions is much higher than the genome-

wide average of ~0.0005 SNV/kb (1494 SNV in a genome of 2.9Gb).
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Figure 3-7: Patterns, locations and numbers of mutations in peripheral blood mononuclear cells
(PBMC:s). (A) High correlation (1=0.991) in mutation types between PBMCs and hematopoietic
stem and progenitor cells (HSPCs). HSPC data are from reference ?’. (B) SNV depletion in
transcribed regions and enrichment in late-replication domains. Error bar: 95% CI. * P <0.005,
** P <0.0001, two-tailed binomial test. (C) Box and whisker plot of the numbers of SNVs in
different groups of PBMCs. Each dot represents a cell. * P <0.05, ** P <0.01, two-tailed #-test.

Interestingly, the numbers of SNVs throughout the genomes of SHM+ B cells are
significantly higher than other B cells (Figure 3-7C). It has been reported that the mechanisms of

SHM are not always limited to immunoglobin gene loci, and that aberrant SHM can lead to B
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cell lymphomas 2*-**. Here we demonstrate that outside the immunoglobin gene regions, the
genome-wide mutation rate is in fact higher for SHM+ B cells compared to other B cells. Further
investigation into this elevated genome-wide mutation rate may help understand B-cell immune

response and diseases related to SHM.
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Figure 3-8: Example of a somatic hypermutation (SHM) region in a B cell viewed in the IGV
software. Sequencing reads from two DNA strands are shown in blue and pink. Mutated bases
are shown as vertical colored lines. A total of 8§ mutations are detected within a region of 367bp
in the human immunoglobulin kappa gene locus.

3.3.5 Cell-type specific SNV patterns

The mutational spectrum for each group of PBMCs can be quantified by the frequency
of each type of mutation in a tri-nucleotide context, as depicted in Figure 3-9. Intriguingly, the
spectrum of SHM+ B cells is distinct from all others as measured by the correlation matrix in
Figure 3-10A. Using non-negative matrix factorization 2°, it became clear that the SHM+ B cells
are characterized by a unique mutational “signature”, Signature B, that is under-represented in

other groups of PBMCs (Figure 3-10B).
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Figure 3-9: Mutation types in a tri-nucleotide context for different groups of peripheral blood
mononuclear cells. Each bar represents the fraction of the mutation type averaged over all cells
in the group.

For T cells, the mutational patterns are associated with their numbers of SNVs. Given
the relatively wide range of numbers of SNVs in T cells (Figure 3-7C), we divided T cells into
three subgroups, 9 cells with low SNVs (1170 £ 186 SNVs), 8 cells mid SNVs (1645 £ 113
SNVs), and 5 cells with high SNVs (3038 = 1061 SNVs). From low- to high-mutation groups,

the SNV patterns become more and more distinct from other PBMCs as quantified by correlation
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(Figure 3-10A) and Signature C becomes more and more pronounced, accompanied by
decreasing representation of Signature A (Figure 3-10B). On the other hand, SNVs in other B
cells and other PBMCs are mostly defined by Signature A (Figure 3-10B), and their patterns are

closest to that of HSPCs (Figure 3-10A).
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Figure 3-10: SNV patterns of different cell types. (A) Correlation matrix between mutational
spectra in a tri-nucleotide context for different subtypes of PBMCs and HSPCs. (B) Contribution
of different SNV signatures to the SNV spectra of the PBMC groups. Error bars: standard error.
(C) Principle component analysis of mutational spectra in a tri-nucleotide context for T cells, B
cells (SHM+ cells not included), HSPCs and neurons. Each dot represents a cell.

These cell-type dependent SNV profiles prompted us to perform principle component
analysis in the tri-nucleotide context for PBMCs and neurons. As illustrated in Figure 3-10C,
neurons are well separated from all types of PBMCs and HSPCs, whereas most T cells lie apart

from other PBMCs, consistent with the fact that the SNV spectrum of other PBMCs is less
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correlated with that of T cells compared to other B cells (Figure 3-10A). The clustering of B cells
(SHM+ B cells excluded due to low cell number) with HSPCs is also consistent with the results
of correlation (Figure 3-10A) and of non-negative matrix factorization (Figure 3-10B), further
suggesting that the SNVs in the B cells without SHM are inherited from their precursor stem

cells.

3.4 Discussion

SNVs are mutations that reflect the history of transcription, DNA replication, chromatin
folding as well as other biological processes. In neurons, SNV accumulation is correlated with
aging and disease risks, whereas in B cells, SNV generation can be beneficial for adaptive
immunity. Using META-CS, we have accurately quantified the SNV spectra for single eHAP
cells, sperm, prefrontal cortex neurons and PBMCs. In addition to the finding of neuronal SNVs
increasing with age, we have discovered that strand-specific oxidative guanine damage also
increased with age, while other types of mutations remained relatively constant. Analyses of
SNV profiles of PBMCs suggested that somatic hypermutation in B cells has been associated
with a higher rate of genome-wide mutation, and that certain uncharacterized mechanisms in T
cells may have led to higher SNV occurrence with a distinct mutational pattern compared to

other PBMCs.

Analysis of the SNV spectra for all the blood cells revealed that Signature C is
characteristic of T cells with more SNVs, Signature B of SHM+ B cells, and Signature A of
other B cells and other PBMC:s. It is possible that the mechanisms leading to SHM resulted in

Signature B, whereas additional mechanisms that produced a high number of SNVs in T cells
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shaped the pattern of Signature C. Low-mutation T cells and other B cells perhaps lacked those

mutation factors and thus shared similar SNV spectra with other PBMCs in general.

The ability to accurately detect SN'Vs in single cells is expected to help advance our

knowledge in function-related mutations in various physiological and pathological processes.

3.5 Materials and methods

3.5.1 Sample collection

Cell culture

The human haploid cell line, eHAP, was purchased from Horizon Discovery (cat # C669).
Prior to clonal expansion, the cells were first seeded in a 10cm cell culture dish supplied with
10% FBS and 1% penicillin-streptomycin in IMDM (Thermo Fisher cat # 12440053) and
maintained at a confluency of <70% according to the cell culture protocol from Horizon

Discovery.

On day 0, spent medium from the culture plate was collected and centrifuged at 300xg for
5 minutes; the supernatant was transferred to approximately 96 wells on a 384-well cell culture
plate with 50ul/well. Upon medium removal, the cells on the plate were trypsinized using
TrypLE (Gibco cat # 12605036) at 37C for 3-5 minutes, followed by addition of 10ml complete
medium (IMDM with 10% FBS and 1% penicillin-streptomycin) to quench TrypLE. The cells
were centrifuged at 300xg for 5 minutes and resuspended and diluted in complete medium to 1

cell/10ul. 10ul of such cell suspension was added to each well with medium on the 384-well
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plate (so that on average there was one cell in 60ul of medium per well). After 3 hours, each well

was visually inspected under a microscope to check which wells contained one cell per well.

On day 5, cells in one well (which initially had one cell) were trypsinized using the same
trypsinization procedure above (with TrypLE at 37C for 3-5 minutes, followed by addition of
complete medium); 12 of the single cells were picked by mouth pipetting for the assay, while the
rest of the cells were re-seeded into one well on a 12-well plate with 2ml of fresh complete

medium.

The re-seeded cells were cultured and maintained at a confluency of <70% for 8 more
days, and on day 13 they were harvested for FACS sorting (using BD FACSJazz) and bulk

genomic DNA extraction.

Bulk DNA extraction and library preparation

Bulk DNA were extracted following the manufacturer’s protocol using the Qiagen
DNeasy Blood & Tissue Kit (69504). Libraries were prepared using the Illumina TruSeq DNA

PCR-Free Library Prep Kit (20015962).

Isolation of single cells

Blood was drawn into K2ZEDTA-coated tubes (BD) and placed on ice immediately.
Peripheral blood mononuclear cells were isolated using Ficoll-Paque PLUS (GE) with 1 X PBS
+2 mM EDTA as the salt solution. Sperm cells were isolated from ejaculated semen after swim-
up in G-IVF PLUS (Vitrolife). Neuronal nuclei were isolated as previously described 2°. Both
density gradient centrifugation and immunostaining (anti-NeuN, Alexa Fluor 488 conjugated,

Millipore MAB377X) were included. RNase inhibitor was omitted. Single cells were mouth
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pipetted or sorted (BD FACSJazz flow cytometer) into 0.2-mL UV-irradiated DNA low-bind

tubes (MAXYMum Recovery, Axygen) containing lysis buffer.

Human subjects

The collection and analysis of peripheral blood mononuclear cells and sperm from the
donor were approved by the Institutional Review Board (IRB) at Harvard University. Frozen
postmortem brain samples were obtained from the NIH NeuroBioBank at the University of
Maryland, Baltimore, MD. All 3 samples were Caucasians and tested negative for human
immunodeficiency virus (HIV) and hepatitis B surface antigen (HBsAg). The youngest sample,
UMBN4916, was from a 19-year-and-47-day-old male with a postmortem interval (PMI) of 5
hours, and died of drowning in a car accident. The mid-aged sample, UMBN4915, was from a
49-year-and-160-day-old male with a PMI of 5 hours, and died of atherosclerotic cardiovascular
disease (ASCVD). The oldest sample, UMBNS5219, was from a 76-year-and-348-day-old female

with a PMI of 3 hours, and died of complications of cancer.

3.5.2 Whole-genome amplification by META-CS

Preparation of META transposome

Tn5 transposase was expressed from the pTXB1-Tn5 plasmid (Addgene 60240) as
previously reported 2’. All oligos were ordered from IDT (PAGE purified) unless otherwise
noted. Multiple transposon DNA sequences were proposed to reduce the chance of self-looping
of tagmented DNA and therefore improve the recovery rate 22°. Each of the 16 META
transposon DNA was annealed at a final concentration of SuM in annealing buffer (10mM Tris

pH 7.5, 50mM NaCl, ImM EDTA) and then pooled with equal volumes. Tn5 transposase and
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the pooled META transposon were mixed at equal molar ratio at room temperature for 30
minutes for transposome assembly. The transposome was finally diluted to a concentration of

125nM and stored at -80 C.

Cell lysis

Single cells were lysed in 2uL. META Lysis Buffer (20mM Tris pH 8.0, 20mM NaCl,
0.15% Triton X-100, 25mM DTT, ImM EDTA, 1.5mg/mL Qiagen Protease (Qiagen 19155),
500nM carrier ssDNA) at 50C for 1h and 70C for 15min. The sequence of the carrier ssDNA
was the same as in LIANTI (5’- TCAGGTTTTCCTGAA-3") 2. Lysed cells could be stored at -80

C if not immediately amplified.

Transposition

To the single-cell lysate, 8 uL Transposition Mix (final concentration: 10mM TAPS pH
8.5, 5SmM MgCl2, 8% PEG 8000 and 0.38nM META transposome) was added. Incubation at
55C for 10min was performed. Transposase was then removed by the addition of 2pL Stop
Buffer containing 300nM NaCl, 45mM EDTA, 0.01% Triton X-100 and Img/ml Qiagen

Protease with incubation at 50C for 30min followed by 70C for 15min.

First strand tagging

First strand tagging was performed by adding 13uL Strand Tagging Mix 1 containing SuLL
Q5 reaction buffer, Sul Q5 high GC enhancer, 0.8uL 50uM (total) Adp1 primer mix, 0.6ul
100mM MgCl2, 0.6ul water, 0.5uL 10mM (each) dANTP mix, 0.25uL 20mg/ml BSA (NEB) and
0.25uL. Q5 DNA polymerase (NEB M0491) and incubating at 72C for 3min, 98C for 30s, 62C
for Smin, 72C for 1min. Adpl primers were removed by addition of 1 uL Exonuclease I (NEB
M0293) and incubation at 37C for 30min and 80C for 20min.
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Second strand tageing

Second strand tagging was performed by the addition of 4 uLL Strand Tagging Mix 2
containing 1ulL Q5 reaction buffer, luL Q5 high GC enhancer, 1uL 50 uM (total) Adp2 primer
mix, 0.855ul water, 0.1uL. 10mM (each) dNTP mix and 0.05uL Q5 DNA polymerase and
incubation at 98C for 30s, 62C for Smin and 72C for Imin. Adp2 primers were removed by the
addition of 1uL Exonuclease I (NEB M0293) and incubation at 37C for 30min and 80C for

20min.

Library amplification

Strand tagging products were then amplified by the addition of 19 uL PCR Mix containing
S5ul. NEBNext Multiplex Oligos Universal Primer, SuL NEB Index Primers (NEB E7335S,
E75008S, E7710S, E7730S), 4uL Q5 reaction buffer, 4uL Q5 high GC enhancer, 0.4ulL 10mM
(each) ANTP mix, 0.4uL water and 0.2uL Q5 DNA polymerase and incubation at 98C for 20s, 10

cycles (or 11 cycles for haploid cells) of [98C for 10s, 72C for 2min], and 72C for 2min.

3.5.3 Data analysis

Data preprocessing

We used pre-meta from https://github.com/lh3/pre-pe to preprocess raw single-cell paired-
end reads. This tool identifies transposon insertion sites, merges overlapping ends and trims
[llumina sequencing adapters. We aligned preprocessed single-cell reads with two mappers, bwa-
mem v0.7.17 ** and minimap2 v2.12 3!, both using their default settings for short reads. The two-

mapper strategy reduces false positive SNV calls due to false read mapping.

Identification of single-nucleotide variants (SNVs)
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We used lianti pileup from https://github.com/lh3/lianti to generate the initial variant call
set, including germline variants and somatic SNVs, with the following command line: “lianti
pileup -nLXXX -P20 -b um75-hs37d5.bed -ycf hs37d5.fa bulk.bam samplel.bwa.bam
samplel.mm?2.bam sample2.bwa.bam sample2.mm2.bam ...”, where XXX is the number of
single-cell BAMs, -P20 ignores alignments with a clipping 20bp or longer, file “um75-
hs37d5.bed” indicates high-quality regions in the hs37d5 version of the human reference
genome, and -n considers fragment strand (i.e. the mapping strand of the first read in a read pair)
for single-cell BAMs. The output of this command line is a multi-sample VCF containing the

number of forward and reverse reads at each potential variant site.

We called somatic SN'Vs by processing the initial call set with the plp-joint.js script from
https://github.com/lh3/lianti. For brain samples, we used the command line “plp-joint.js -a4 -s2 -r
all.rep -v gnomad-01.snp.txt.gz -u sample.vcf.gz”, where “gnomad-01.snp.txt.gz” gives the list
of gnomAD calls having >1% population frequency and “all.rep” indicates which BAMs are
generated from the same sample/cell. We called an ALT (aka non-reference) allele if the allele
could be supported by at least 4 reads in total (-a4) and 2 reads from each strand (-s2). As we
used two mappers, we always chose the smaller read count between the two mappers. The plp-
joint.js script also filtered somatic calls if the ALT allele balance (the fraction of ALT reads) was
below 20%, dropped calls overlapping with gnomAD >1% calls, removed somatic calls within
100bp from each other (This filter was removed with option -w0 for calling the somatic
hypermutations in B cells) and filtered calls within 10bp from 5°- or 3’-end of reads. The
procedure above was used to call ALT alleles, including both germline SNPs and somatic SNVs.

We classified an ALT allele to be somatic if no bulk reads supported the ALT allele. We
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estimated the false negative rate of SNV by comparing ALT calls in single cells and germline

heterozygous SNPs in the bulk.

Sperm and blood cells were sequenced from the same individual. We called somatic SNVs
by jointly considering both sperm and blood bulks with command line “plp-joint.js -r all.rep -v
gnomad-01.snp.txt.gz -u -a4 -s2 -D40 -A15 -b2 sample.vcf.gz”. With two bulks, we further
called a somatic SNV if only one of the bulks had no reads supporting the SNV allele. The false
negative rate in sperm samples was estimated by excluding all heterozygous calls by plp-joint.js
command with -h all.hap option, where “all.hap” indicates which cells are haploid. The rest of

treatment is identical.

SNVs in eHAP cells were called by the command line “plp-joint.js -r all.rep -v gnomad-
01.snp.txt.gz -u -a4 -s2 -D40 -A15 -P ehap-s3.vcf.gz”. Similar to sperm, the false negative rates
were estimated by excluding all heterozygous calls. The calling thresholds were examined with -
a and -s options. For example, -a4 -s0 indicated that a call had to be supported by at least 4 reads

in total without requirement of strand specific reads.

Identification of ssDNA damage

Potential ssDNA damage associated “mutations” and amplification artifacts (including
damage generated during WGA due to polymerase errors), which are indistinguishable in the
experiment, were called using a similar procedure except that we required a call to be supported

by at least 4 reads from the mutational allele and 4 reads from the reference allele.

Genomic distribution analysis

Overlapping regions of the downloaded BED files of exonic and transcribed regions were
merged with BEDTools 2. Intronic regions were determined by the subtraction of exonic regions
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from transcribed regions. The number of mutations observed were determined by intersecting
with surveyed genomic regions (for autosomes only). The expected number of mutations were
calculated by multiplying the genome-wide mutation frequency with the length of surveyed

genomic regions. Two-tailed binomial tests were performed with P < 0.05 considered significant.

Mutational signature analysis

The mutational frequency of each single cell (or single-cell clone derived from stem cells)
was calculated in the context of 96 trinucleotide substitution types, with 5’ and 3’ sequences
acquired from GRCh37. Three mutational signatures were extracted using SigProfiler ** from 53
single peripheral blood mononuclear cells. The contribution from each of the three mutational
signatures to each cell type or group was quantified by the mean contribution for single cells

within the group.

Principal component analysis

Principal component analysis was performed using MATLAB. The mutational frequencies
in the context of 96 trinucleotide substitutions of 32 PFC neurons, 22 T cells, 11 B cells and 73

hematopoietic stem and progenitor cell clones were used for the analysis.
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Chapter 4 : Reconstructing the three-

dimensional genome structures of single cells

Work presented in this chapter was performed in collaboration with Dong Xing (D.X.),
Longzhi Tan (L.T.) and Heng Li (H.L.) in the group of Prof. Xiaoliang Sunney Xie (X.S.X.).
This work has been published in Science (DOI:10.1126/science.aat5641) in 2018. L.T., D.X.,
Chi-Han Chang, and X.S.X. are inventors on a provisional patent application US 62/509,981
filed by the President and Fellows of Harvard College that covers Multiplexed End-Tagging

Amplification (META) and Diploid Chromosome Conformation Capture (Dip-C).

4.1 Abstract

Chromosome folding in three dimensions encodes for information beyond the linear DNA
sequence, allowing for the same linear genome to result in a variety of gene expression profiles.
High throughput chromosome conformation capture (Hi-C) has been frequently used to probe
genome-wide chromatin interactions both in bulk and in single cells. However, resolving
genome-wide nuclear organization of diploid mammalian cells remained technically challenging.
Here we report our newly developed approach of Diploid Chromosome Conformation Capture
(Dip-C) for reconstructing 3D genome structures of single diploid human cells. Based on
proximity ligation, this technique integrates our previously developed method of Multiplexed
End-Tagging Amplification and a haplotype imputation algorithm to distinguish maternal and
paternal chromosome structures in each cell. Single-cell genome architecture was determined for

a lymphoblastoid cell line and human peripheral blood mononuclear cells. Within each cell, the
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differences between two parental alleles were characterized. Between single cells and between
cell types, the distinct domain and compartment structures were revealed. These results illustrate

the genome structure-function relations down to the resolution of 20kb in single cells.

4.2 Introduction

Analogous to protein folding, genomic DNA in a mammalian cell nucleus also folds into a
hierarchical series of three-dimensional structures that mediate the structure-function
relationships. At the multi-megabase scale, chromosomes fold into active and repressive
compartments that correlate with high and low gene expression levels, respectively. Within tens
to hundreds of kilo-bases, certain genomic regions form Topologically Associated Domains
(TADs), which is defined as regions in which loci contact one another more frequently within
domain than with outsiders. At the finer scale of tens of kilo-bases, CTCF/cohesin loops and

promoter-enhancer loops mediate gene expression by cis-chromosomal interaction =3

These structures change within a cell from time to time, and vary from cell to cell and
from one cell type to another *!!. For example, imaging has revealed that TAD boundaries
differ between single cells, but they are preferred towards certain genomic locations such that
merging single-cell data led to the TAD boundaries observed in bulk Hi-C experiments. Single-
cell measurements thus provide opportunities to study the dynamics and heterogeneity of

chromatin organization in relation to gene expression beyond ensemble averaging.

4.2.1 Chromatin interactions detected in previous methods

To detect genome-wide chromatin interactions, sequencing-based approaches need to be
taken because imaging has not been able to probe the entire genome with <50kb resolution so
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far. In sequencing-based methods, the structural resolution is fundamentally limited by the
number of chromatin interactions (contacts) that can be detected. Figure 4-1 shows the numbers
of contacts measured for each single cell for three out of the five previously reported single-cell
Hi-C studies >~. The other two single-cell Hi-C methods gave rise to only tens of thousands of

contacts per cell and are not included in the plot *!°.
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Figure 4-1: The numbers of chromatin contacts detected per cell by previous single-cell Hi-C
methods /. Flyamer et al. detected more contacts than previously reported by using whole-
genome amplification instead of biotin pull down of genomic DNA from single cells.

Flyamer et al. detected more contacts per cell compared to other previous methods by
utilizing whole-genome amplification (WGA) to capture as much DNA as possible while
omitting biotin pull down >, a process that risks losing DNA. However, the medium number of
contacts was only 106,859 per cell, which is much less than what can be detected by bulk Hi-C
(> 2 million). This implies that cell-to-cell heterogeneity cannot be easily distinguished from
technical variance because only much less than 5% of the interactions detectable in bulk are
captured in each single cell. A more sensitive single-cell Hi-C method will help push the

resolution limit for genome structure studies.
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4.2.2 Towards high-resolution nuclear structures of diploid human cells

After modeling the 3D structure of single-copy chromosome X in 2013 #, Stevens et al.
moved on to reconstruct the whole nuclei of single haploid mouse cells using single-cell Hi-C
data 7. Most mammalian cells, however, are diploid, having one set of chromosomes from
mother and the other from father. The two parental alleles can be resolved by both imaging and
sequencing. However, distinguishing both alleles in a genome-wide manner can only be achieved

by sequencing due to lack of cost-effective whole-genome labeling approaches in imaging.

Two requirements need to be met for reconstructing the 3D genomes of diploid cells by
sequencing: First, single-nucleotide polymorphisms (SNPs) need to be accurately determined to
tell the differences between maternal and paternal alleles. For human genome, this implies that
many sequencing reads cannot be used because there is only one SNP per 1,500 bases on average
(approximately 2 millions SNPs in the genome of 3Gb), and because high-throughput sequencers
with reliable single-base accuracy can only sequence up to 500bp so far. Therefore, in addition to

sequencing accuracy, high sensitivity is critical for 3D diploid genome reconstruction.

Here we describe our method that combines META (Multiplex End-Tagging
Amplification) and a haplotype imputation algorithm to capture many more chromatin contacts
than previous assays while resolving the maternal and paternal alleles in each diploid human cell.
This highly reproducible technique has measured a medium of 1.04 and 0.84 million contacts per
cell for the GM 12878 cell line and human peripheral blood mononuclear cells (PBMCs),
respectively. A genome-wide resolution of 20k has been accomplished, and the structural
diversity between two parental alleles, between single cells, and between cell types has been

1llustrated.
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4.3 Results

4.3.1 Technical verification

We performed proximity ligation procedures as in 3C (Chromosome Conformation
Capture) followed by whole-genome amplification with META and sequencing with Illumina
short-read sequencers, as illustrated in Figure 4-2A. A total of 17 GM 12878 cells and 18 PBMCs
were processed. From the sequencing reads, each chimeric product (with two joint loci, or two
“legs”) can be identified as a chromosome “contact”, and the genome-wide contact frequencies
constitute the contact matrix (or contact map) for each cell. In previous single-cell Hi-C, the
contact matrix does not distinguish two homologous chromosomes. Here we impute the
haplotype of each leg of a contact whenever possible to generate the contact matrix for each

diploid human cell (Figure 4-2B).

Haplotype imputation is based on the assumption that two parental alleles typically
contact different loci because they are not at the same location in 3D space. Therefore, if one leg
of a contact has known haplotype (because a SNP is detected, for instance) but the other leg has
unknown haplotype, one can look at its neighboring contacts and assign haplotype to the
unknown leg. Figure 4-2C illustrates an example: A contact is known to have a leg on maternal
chrl (joint at the x-th base on the chromosome), but the other leg itself contains no haplotype
information and can be assigned to either maternal or paternal chr2 (joint at the y-th base on the

chromosome). Suppose the chr2 leg is paternal, other contacts would be expected to be present in

A
the neighborhood of (x@ * Axg, y& * Aye), where ( \/ 1:—M@b + \/f:—M‘i) = 1. However, in reality

there is no such contact in the neighborhood from the data. Instead, there are contacts found in
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the neighborhood of (xg + Axg, ye + Ayg) with ( \/ " \/%) — 1, indicating that the

chr2 leg is most likely on the maternal chromosome, so the chr2 leg would be considered to be
maternal. Note that the definition of the neighborhood is based on empirical evidence that most
interchromosomal contacts and long-range intrachromosomal contacts lie within the region of a

superellipse with an exponent of 0.5 and radius of 10Mb (Figure 4-3A), namely a superellipse

defined by \/ 1§;b + J 13; o= 1. Using this approach, imputation accuracy of 96% was estimated

by cross validation.

Once haplotype information was imputed, the 3D nuclear structure for each cell could be
reconstructed to 20kb resolution after several rounds of modelling and correction using a similar
algorithm from a previous report . Except for regions with copy-number variations or loss of
heterozygosity and a damaged GM 12878 cell, reconstruction was successfully performed for 15
out of 16 (94%) GM 12878 cells and 12 out of 18 (67%) of PBMCs without supervision. The
structures of the remaining GM 12878 cell and 4 other PBMCs were determined after excluding

small genomic regions that could not be modelled.

For each cell, 3D modelling was repeated for at least three runs to ensure structural
accuracy: Each genomic locus was a “particle” of 20kb chromatin (with a corresponding
physical distance of ~100nm). For each locus, the deviation in particle coordinates between any
two runs was recorded. A 3D structure was considered accurate if and only if the medium of the
genome-wide deviation distances for all pairs of runs was less than 2 particle radii. Namely, in an
accurate structure, the positions of at least half of the particles are precise within one-diameter

distance in 3D space. From our data, the medium deviation, or the reconstruction uncertainty,
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was determined to be 0.4 particle radii (or approximately 40nm), for the genome-wide resolution

of 20kb.
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Figure 4-2: Procedures for Diploid Chromosome Conformation Capture (Dip-C). (A) Chromatin
fixed (cross-linked) with formaldehyde is cut by restriction enzyme, followed by proximity
ligation so that spatially close DNA can be joint together in situ (in nucleus). Each processed cell
is then subject to whole-genome amplification by Multiplex End-Tagging Amplification and
sequencing. (B) Each chromatin contact is a pair of genomic loci (two “legs”) that are identified
to be joint together from the sequencing data. The genome-wide contact frequencies constitute
the contact matrix. Imputation of the haplotype of each contact partner leads to the haplotype-
resolved contact matrix. (C) Haplotype of each chromosome is imputed by assuming that two
homologous chromosomal regions typically contact different loci because they are not at the
same location in 3D space. If one leg of a contact has an unknown haplotype, one can investigate
the known haplotype information of neighboring (on linear genome) contacts and assign
haplotype to the unknown leg. A neighborhood is defined as a superellipse with an exponent of
0.5 and a radius of 10Mb.
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Figure 4-3: Example of interchromosomal contacts that lie within the superellipse of exponent
0.5 and radius 10Mb. (A) Data from GM 12878 cell 3. (B) Model of contact density by assuming
that the probability of detecting another contact separated by linear genomic distance Ax on one
leg and Ay on the other is proportional to (v/Ax + \/E)"Z. This probability distribution agrees

well with data, suggesting the definition of a contact neighborhood as a superellipse of exponent
0.5 and radius 10Mb.
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4.3.2 From chromosome territories to compartments and domains

For each cell, the haplotype-resolved nuclear structure was determined, showing
chromosome territories and compartmentalization depicted in Figure 4-4A and Figure 4-4B,
respectively. To assign A/B compartment score as previously done for bulk Hi-C 2, we used
CpG density to define the compartment score'? rather than the principle component of the
interaction matrix'2, because the number of contacts in single-cell data is much smaller than in
bulk and the presence of centromeres may interfere with A/B compartment assignment. For each
locus, the average CpG frequency of all loci within 3 particle radii in three-dimensional space is
defined as the compartment score. This definition led to the expected results with A
compartments (high CpG density) enriched in nuclear center and B compartments (low CpG

density) close to periphery (Figure 4-4B).

From these genome-wide nuclear structures, radial preferences of each chromosome and
sub-chromosomal region were quantified. It is re-assuring that the radial distances of each
chromosome obtained from our structural data agree with DNA Fluorescence In Situ
Hybridization (FISH) studies (Figure 4-4C). In particular, gene-rich and gene-poor chromosomes

of both haplotypes tend to lie close to nuclear center and periphery, respectively (Figure 4-4D).
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Figure 4-4: Chromosome territories, compartments and radial preferences. (A) Chromosome
territories in the haplotype-resolved 3D genome of an example GM 12878 cell. (B) Active and
repressive compartments defined by average CpG frequency in 3D space. For each locus, the
average CpG frequency of all loci within 3 particle radii in three-dimensional space is defined as
the compartment score °. (C) This study provides radial preferences of each chromosome,
which agree with DNA FISH results, and of sub-chromosomal regions (1Mb per dot). (D)
Examples showing that gene-rich and gene-poor chromosomes tend to be closer to nuclear center
and periphery, respectively, for both GM 12878 and PBMCs. (E) Single-cell domains vary from
cell to cell, but their averages agree with bulk Hi-C data reported in Reference /°. Averages are
root-mean-square values of the radii of gyration.
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In addition, our data provides fine-scale information on sub-chromosomal radial positioning that
cannot be obtained by chromosome painting experiments '*!>. For instance, the GC-rich
euchromatic region of chrl (the left end of chrl on Figure 4-4C) tend to be closer to nuclear

center compared to the average location of the chromosome.

Bulk Hi-C has revealed the presence of Topologically Associated Domains (TADs) in
which genomic loci preferentially interact within the region than with outside '”. However, such
domains have not been visualized in diploid human cells so far. Our data revealed that these
domain structures vary significantly from one cell to another, but their average agree with bulk
Hi-C data (Figure 4-4E) ', consistent with an almost simultaneously published study that

utilized super-resolution imaging to label chromosome 21 in human cells °.

4.3.3 Differences between maternal and paternal alleles

Equipped with the capability to distinguish two homologous chromosomes, we
investigated the structural differences at an imprinted locus. Gene imprinting is a unique
phenomenon in which only one parental allele is expressed while the other is suppressed by
mechanisms involving DNA methylation '®. We visualized the structural difference at the well-
known imprinted locus of H19/IGF2. Although the structures differed from cell to cell, each
paternal allele clearly showed more compact morphology than its maternal counterpart in each
cell (Figure 4-5A). The extended maternal structure appeared to help separate the /GF2 locus
from the HIDAD site that sat near HG19 and prevent the formation of the /IGF2-HIDAD CTCF

loop, while the paternal allele tended to be intermingled.
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Figure 4-5: Distinct structures between maternal and paternal imprinted loci and chromosome X.
(A) The imprinted locus of H19/IGF2 for two parental alleles in different single cells. Despite
cell-to-cell heterogeneity, the maternal allele showed a more extended structure than the paternal
counterpart in each cell. (B) The extended structure in maternal allele helped spatially separate
the /GF2 locus from H179 and the nearby HIDAD site, thereby disrupting the /IGF2-HIDAD
CTCEF loop, whose anchor locations are marked as white and red circles in the single-cell
averaged distance maps and the bulk Hi-C maps, respectively. (C) Active (red) and inactive
(blue) chromosome X prefer extended and compact structures, respectively. (D) Active and
inactive chromosome X can be distinguished by principle component analysis of the
compartment score for each locus, defined as the average CpG frequency of all loci within 3
particle radii in 3D space.

X chromosome inactivation ensures that gene expression dosages from sex chromosomes
are similar between male and female. To investigate if structural differences may contribute to
their distinct gene expression profiles, we focused on chromosome X in each cell. As expected,
the inactive chromosome prefers a more compact morphology compared to its active counterpart
(Figure 4-5B). This difference can be quantified by principle component analysis (PCA) of the
compartment score for each locus, defined as the average CpG frequency of all loci within 3
particle radii in 3D space. In the female cell line, inactivated chromosome X is well separated by
principle component 1 from the activated one; in the male PBMC, every chromosome X clusters

with the active chromosome X of the female cell line, confirming its activeness in comparison to
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the inactive chromosome in each female cell. These results together demonstrate how genome

structures are associated with different gene expression patterns.

4.3.4 Cell type-specific chromosome organization and intermingling

Chromosome organizations have been compared between mESCs, GM 12878 cells and
human PBMCs. Our haplotype imputation algorithm was applied to the published data of diploid
mouse embryonic stem cells (mESCs) °. Although no more than 0.3 million contacts were
detected per cell, diploid genomes of single cells could still be constructed due to the higher

number of SNPs in the mouse line than in human.
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Figure 4-6: Telomere and centromere organization and chromosome intermingling between cell
types. (A) Centromere and telomere organization. Horizontal axis is the length of the summed
centromere-to-telomere vectors normalized by particle number (so that vectors with more
paralleled directions would sum up to have a longer length); vertical axis is the summed radial-
distance differences of centromere compared to telomere. Genomes of mESCs prefer the Rabl
configuration, in which telomeres and centromeres are segregated to different sides of the
nucleus. PBMCs tend to have centromeres pointing outward. (B) Chromosome intermingling is
most pronounced in PBMCs and least in mESCs.

While chromosomes in mESCs tend to adopt the Rabl configuration (centromeres and

telomeres on different sides of nucleus), GM12878 and PBMCs both have highly unparalleled
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centromere-telomere axes, the later having centromeres preferentially pointing to nuclear
periphery. In addition, mESCs have the least extent of chromosome intermingling, consistent
with previous finding that chromosomes in pluripotent cells intermingle less than differentiated
cells '°, although we do not have differentiated mouse cells or human pluripotent hematopoietic
stem cells for strict comparison. Between the two human cell types, PBMCs intermingle more
than GM 12878, consistent with previous finding that resting human lymphocytes show more
intermingling than activated ones (similar to GM12878) ?°. These cell-type dependent

chromosomal positioning and intermingling encourage us to further investigate the relations

between cell types and loop domains and compartments.

4.3.5 Cell type-specific promoter-enhancer loops and compartments

Using previously defined cell type-specific promoter-enhancer loop information?!, we
were able to classify our PBMCs into 3 types (Figure 4-7A) that are distinct from the B
lymphoblastoid cell line, GM12878. We further investigated the possibility of unsupervised
clustering solely based on our structural data. Indeed, PCA using compartment scores can cluster
PBMCs and GM12878 cells into the same 4 types (Figure 4-7B). As described previously, the
compartment score for each locus (of 20kb) is defined as the average CpG frequency of all loci
within 3 particle radii in 3D space. Such cell-type specific “environmental CpG density” is
illustrated in Figure 4-7C using our single-cell data and bulk Hi-C from literature '®?* for
validation: Although an example region on paternal chrl3 lies in the active A compartment (with
high CpG density) in GM 12878, it sits in the repressive B compartment (with low CpG density)
in PBMC. Similarly, averaged single-cell data and bulk Hi-C both showed differential

compartmentalization between GM 12878 and PBMC.
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Figure 4-7: Cell type determination from single-cell genome structure data. (A) Differential
formation of known promoter-enhancer loops °/ can be used for cell typing for each PBMC or
GM12878 cell. (B) Unsupervised principle component analysis using compartment scores led to
the same four clusters of cell types, independent of prior data. (C) An example of differentially
compartmentalized region between two cell types. Left panels: bulk Hi-C data with 50kb bins are
from References /*?’. Right panels: yellow thick sticks show the paternal region of chr13:62.5-
63MbD with nearby regions colored by compartment scores (defined by CpG frequencies).

4.4 Discussion

Genome folding is analogous to protein folding in that structures determine functions in
both cases, yet DNA folding is arguably more complicated due to much more diverse
combinations from 6 billion bases per human cell. Now, Dip-C has allowed us to reconstruct
genome structures at the single-molecule level (as each cell contains only one copy of
chromosome per haplotype). We are no longer limited to ensemble averaging of protein or DNA
structures as conventional studies were, and are now able to probe both heterogeneity and

similarity between cells within and across cell types.

Despite cell-to-cell heterogeneity, our PCA analysis has revealed that different cells
within the same cell type share genome structural similarities such that they can be clustered

together by statistics. Each of these clusters can be understood as a valley in the Waddington
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landscape >*, on which a pluripotent cell can diverge (differentiate) into different valleys (cell
types) and multiple cells can converge at the same valley as the same cell type. The width of a
valley specifies the extent of inter-cellular heterogeneity within the same cell type. Whereas
previous studies used single-cell RNA-seq or chromatin accessibility to identify the valleys (cell
) 2427

types or used single-cell Hi-C to characterize the width (heterogeneity) within the same

4-7,10

valley , our 3D diploid genome structures enable unsupervised determination of both the

valleys and their widths.

Dip-C has quantified the genome structure-function relationships for a few cell types
investigated so far. With the rapid development of sequencing-based technology, including the

2829 nuclear

recent advances in nucleosome-resolution chromosome conformation capture
structural characterization of more cell types and at even higher resolution is expected to spark

new discoveries in a variety of biological processes such as development®>°32, cell

34-36 37,38

differentiation®?, cancer progression and neuronal functions

4.5 Materials and methods

4.5.1 Sample collection

The GM 12878 cell line was purchased from Coriell Institute. The collection and analysis
of peripheral blood mononuclear cells (PBMCs) from the male donor were approved by the
Institutional Review Board (IRB) at Harvard: Blood was drawn into K2EDTA-coated tubes (BD)
and placed on ice immediately. PBMCs were isolated according to the manual of Ficoll-Paque

PLUS (GE), with 1 X PBS + 2 mM EDTA as the salt solution.

82



4.5.2 Diploid Chromosome Conformation Capture Protocol

Crosslinking

1. To 1 mL of cell suspension (up to 1 million), add 66.7 uL 32% paraformaldehyde (EMS
15714) (final concentration 2%). Shake at room temperature (RT) for 10 min.

2. Prepare 2M ice-cold glycine. Add 72.3 uL of 2 M glycine to the cell suspension (final
concentration 0.127 M). Incubate on ice for 5 min. Centrifuge at 600 g for 5 min at 4 C.
Remove supernatant.

3. Resuspend in ice-cold Phosphate Buffered Saline (PBS). Centrifuge at 600 g for 5 min at 4
C. Remove supernatant. Store at -80 C freezer if not immediately used.

Digestion

1. Thaw pellet on ice. Make ice-cold Hi-C Lysis Buffer (1 mL):
a) 10uL I M Tris pH 8.0 (final 10 mM)
b) 2uL 5 M Nac(l (final 10 mM)
c) 20uL 10% IGEPAL CA 630 (Sigma I18896-50ML) (final 0.2%)
d) 968 uL water
Combine 250 uL Hi-C Lysis Buffer with 50 uL protease inhibitor (Sigma P8340).Resuspend
pellet in the above buffer. Incubate on ice for at least 15 min.
2. Centrifuge at 2500 g for 5 min at 4 C. Remove supernatant. Add 500 uL Hi-C Lysis Buffer.
3. Centrifuge at 2500 g for 5 min at 4 C. Make 0.5% SDS (100 uL):
a) 5uLl 10% SDS (final 0.5%)
b) 95 uL water
Remove supernatant. Resuspend in 50 uL 0.5% SDS. Incubate at 62 C for 10 min.
4. Add 145 uL water and 25 uLL 10% Triton X-100 (Sigma, 93443). Mix. Incubate at 37 C for
15 min.
5. Add 25 uL 10X NEBuffer 2 and 20 uL 25 U/uL. Mbol (NEB R0147M). Rotate at 37 C
overnight.

Ligation

1. Centrifuge at 1000 g for 5 min at 4 C. Make 2 tubes of Ligation Buffer (per tube quantity
below):
a) 100 uL 10X T4 DNA ligase buffer (NEB B0202S)
b) 5ul 20 mg/mL BSA (NEB B9000S)
c) 865 ul water
Remove supernatant but leaving 50 uL.
2. Resuspend in 1 tube of Ligation Buffer. Centrifuge at 1000 g for 5 min at 4 C. Remove
supernatant leaving 50 uL.
3. Resuspend in 1 tube of Ligation Buffer. Add 10 uL 1 U/uL T4 DNA ligase (Life Tech
15224-025). Mix. Incubate at 16 C for 4 h.
4. Filter through 40um cell strainer and isolate single cells by Fluorescence Activated Cell
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Sorting (FACS).

Design of Multiplexed End-Tagging Amplification (META)

In the Nextera kit of Illumina, two different tags — each harboring one side of the
[Mlumina adapter — are randomly inserted into the input DNA. The two tags then function as two
PCR primers to amplify the resulting fragments. Fragments that end with two different tags
would be amplified, while those with the same tags are lost, implying a loss of at least 50% of
the DNA.

In META (Xing et al. U.S. provisional patent 62/509,981), such loss is greatly reduced by
inserting n different tags. As a result, only 1/n of input DNA is expected to be lost. [llumina

adapters are added later by two short PCR steps. In this work, we used META with n = 20 tags:

[

AGAAGCCGTGTGCCGGTCTA
ATCGTGCGGACGAGACAGCA
AATCCTAGCACCGGTTCGCC
ACGTGTTGCAGGTGCACTCG
ACACCACACGGCCTAGAGTC
TGGACAATCACGCGACCAGC
TCATCTAACGCGCACCGTGC
TTCGTCGGCTCTCTCGAACC
TGGTGGAGCGTGCAGACTCT
. TATCTTCCTGCGCAGCGGAC
. CTGACGTGTGAGGCGCTAGA
. CCATCATCCAACCGGCTTCG
. CACGAGAAGCCGTCCGCTTA
. CGTACGTGCAACACTCCGCT
. CTTGGTCAGGCGAGAAGCAC
. GGCGTGATCAGTGCGTGGAT
. GAGCGTTTGGTGACCGCCAT
. GCCTGCGGTCCATTGACCTA
. GTAAGCCACTCCAGCGTCAC

A S AN A S

e e T e T T e T = S S
O 0 9 N »n kA W N = O
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20. GATCTGTTGCGCGTCTGGTG

Preparation of META reagents

Carrier ssDNA (for use in Lysis Buffer) was either the same as in LIANTI (5'-
TCAGGTTTTCCTGAA-3") * or the same as the META 20-primer Mix, and was stored at —20
C freezer.

Transposome (for use in Transposition Mix) was partly similar to LIANTI (13), but with
two modifications. First, one strand of the transposon was 5'-/Phos/-
CTGTCTCTTATACACATCT-3', while the other strand was in the form of 5'-[META tag]-
AGATGTGTATAAGAGACAG-3'. Each of the oligos (IDT, purification: PAGE) was dissolved
in 0.1 X TE to a final concentration of 100 uM. For each of the n = 20 META tags, two strands
were annealed at a final concentration of 5 uM each. The 20 annealed transposons were then
pooled with equal volumes. Second, the transposase was purified after expression from the
pTXB1-TnS5 plasmid (Addgene). Transposome was assembled at a final concentration of 1.25
uM dimer (2.5 uM monomer), 1:10 diluted (125 nM dimer, or 250 nM monomer), and aliquoted
for single uses and was stored at —80 C freezer.

20-primer Mix (for use in PCR Mix 1) was in the form of 5'-[META tag]-
AGATGTGTATAAG-3'". Each of the oligos (IDT, purification: standard desalting) was
dissolved in 0.1 X TE to a final concentration of 100 uM, and combined with equal volumes
(100 uM total, or 5 uM each). All the oligos mentioned hereafter were stored at —20 C freezer
unless otherwise noted.

40-primer Mix (for use in PCR Mix 2) was in the form of 5'-
ACACTCTTTCCCTACACGACGCTCTTCCGATCT-[META tag]-AGATGTGTATAAG-3' for

one side of the [llumina adapter, and 5'-GACTGGAGTTCAGACGTGTGCTCTTCCGATCT-
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[META tag]-AGATGTGTATAAG-3' for the other. Each of the oligos (IDT, purification:

PAGE) was dissolved in 0.1 X TE to a final concentration of 50 uM, and combined with equal

volumes (50 uM total, or 1.25 uM each).

META cell lysis

1.

UV irradiate MAXYMum Recovery PCR tubes (Axygen PCR-02-L-C) for 15 min.

2. Make Meta-C Lysis Buffer (for 30 uL, more if needed):

[98)

a) 15ul 2X Lysis Buffer (40mM Tris pH8.0, 40mM NaCl, 0.2% Triton X-100, 30mM
DTT, 2mM EDTA
b) 0.75uL 60 mg/mL Qiagen Protease, prepared by adding 2.78ml nuclease-free water to
one vial of Qiagen Protease (Qiagen 19155), mixing and passing through 0.22um filter
(which can be stored at 4C for up to 2 months).
c) 0.15uL 100 uM 20-primer Mix
d) 14.1 uL water
Add 3 uL Meta-C Lysis Buffer per tube. Centrifuge briefly at 1000g (for a few seconds).
FACS or mouth pipet one cell to each tube. Centrifuge at 1000g for 1 min.
Incubate at S0C for 1h and 70C for 15min for cell lysis followed by protease inactivation.
Store at -80 C if not immediately used for next steps.

META transposition

1.

2.

Thaw cells and one tube of transposome on ice. Spin down. Dilute transposome by 33x in the
Dilution Buffer (20mM NaCl & 10mM Tris pHS8.0).

Immediately before reaction, make Transposition Mix (per cell) containing 1 uL diluted
transposome and 4 uL Tran8k Buffer (20mM TAPS buffer pH8.5, 10mM MgCl,, 16% PEG
8000).

Add 5 uL Transposition Mix to each tube of lysed cell; avoid touching the liquid. Flick
immediately to mix. Vortex and spin down.

Incubate at 55C for 10min and hold at 4C.

Transposase removal

I.

2.

Immediately before reaction, make the Stop Mix (per cell): 1 uL 2 mg/mL Qiagen Protease +
1 uL of [0.5 M NaCl and 75 mM EDTA]

Add 2 uL Stop Mix per tube, avoiding touching the liquid (caution: viscous). Vortex and spin
down.

Incubate at S0C for 40 min. and 70C for 15 min. Hold at 4C.
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PCR amplification

1.

[98)

Make PCR Mix 1 (per cell): 4 uL Q5 Reaction Buffer + 4 uL Q5 High GC Enhancer + 0.5 uL
100 mM MgCI2 + 0.5 uL 100 uM 20-primer Mix + 0.4 uL 10 mM each dNTP mix + 0.2 uLL
water + 0.2 uL 20 mg/mL BSA (NEB B9000S) + 0.2 uL Q5 Polymerase (NEB M0491S)
Add 10 uL PCR Mix 1 per tube, avoiding touching the liquid. Vortex and spin down.

Run the program: 72 C for 3 min, 98 C for 20 s, 12 cycles of [98 C for 10 s, 65 C for 1 min,
72 C for 2 min], 65 C for 5 min, and 4 C for hold

META library preparation

1.

2.

Add 0.5 uL Exol (NEB M0293S) per tube. Vortex and spin down. Incubate at 37 C for 30
min and 72 C for 20 min.

Make PCR Mix 2 (per cell): 3 uL 50 uM 40-primer Mix + 2.2 uL water + 2 uL Q5 Reaction
Buffer + 2 uL Q5 High GC Enhancer + 0.2 uL 10 mM each dNTP mix + 0.1 uL Q5
Polymerase

Add 9.5 uL PCR Mix 2 per tube. Vortex and spin down. Run the program called
“METAC2”: 98 C for 30 s, 2 cycles of [98 C for 10 s, 65 C for 1 min, 72 C for 2 min], 65 C
for 5 min, and 4 C for hold

Add 0.5 uL Exol per tube. Vortex and spin down. Incubate at 37 C for 30 min and 72 C for
20 min.

Make PCR Mix 3 (per cell): 2.5 uL NEB Universal Primer + 2 uL. Q5 Reaction Buffer + 2 uL
Q5 High GC Enhancer + 0.2 uL water + 0.2 uL 10 mM each dNTP mix + 0.1 uL Q5
Polymerase

Add 2.5 uL NEB Index Primer (NEB E7335S, E7500S, E7710S, E7730S) per tube.

Add 7 uL PCR Mix 3 per tube. Vortex and spin down.

Repeat the program “METAC2”.

Purify the library DNA using the DNA Clean and Concentrator-5 kit (Zymo D4013) and
quantify the fragment size distribution using Agilent Bioanalyzer. Sequence on Illumina
HiSeq 2500 with paired-end 250-bp reads. To avoid diversity issues (especially at the 19 bp
right after the META tag), 20% PhiX was added.

4.5.3 Data analysis

Codes are be available on GitHub (https://github.com/tanlongzhi/dip-c). Starting from

FASTQ files, 3D reconstruction consisted of the following steps: preprocessing — alignment —

contact identification — artifact removal — haplotype imputation (2D) — [with replicates from

here on] 3 rounds of 3D reconstruction at 100-kb resolution + haplotype imputation (3D) — 2

rounds of 3D reconstruction at 20-kb resolution + haplotype imputation (3D). Details of the
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procedures and file formats can be found on the GitHub page. Below is a brief description of

each analysis step:

Preprocessing and alienment

Most reads followed a format of [META tag]-AGATGTGTATAAGAGACAG-[genomic
DNAJ-CTGTCTCTTATACACATCT-[reverse complement of another META tag], although a
small fraction harbored extra META adaptors and was discarded. Similar to LIANTI **, META
and Illumina adapters were removed, and the two ends (read 1 and read 2) were merged if they

overlapped.

Similar to LIANTI ¥, reads were mapped by BWA-MEM *° (version 0.7.15) with default
parameters to the human reference genome GRCh37 (for GM 12878 and PBMCs) or to the

mouse reference genome GRCm38.p5 (GENCODE, for mESCs).

Contact identification

From each read or read pair, all high-quality (mapping quality > 20, edit distance per bp
alignment < 0.05) primary and supplementary alignments (in BWA-MEM, different parts of a
single read can be locally aligned to different regions of the genome, producing one primary
alignment and one or more supplementary alignments) were extracted as “segments”. If a
segment overlapped with a phased SNP, a haplotype would be assigned if base quality > 20.
Chromatin contacts were identified as all pairs of segment end points — each end point (a
genomic coordinate, with a haplotype if applicable) defined as a “leg” (for example, “chr14,
23,882,391 bp, paternal”) — that were separated by > 1 kb in each read or read pair. Each

contact would thus contain two legs (for example, “chrl4, 23,882,391 bp, paternal — chrl4,
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23,448,197 bp, unknown”). PCR duplicates were removed by iteratively merging near-identical
(both legs differed by < 1 kb) contacts. Depending on size selection and cells, 4—15% of
sequencing reads contained contacts. Similar to Reference ’, “promiscuous” legs (alignment
artifacts) were removed if > 10 other legs fell within 1 kb; subsequently, “isolated” contacts
(3C/Hi-C artifacts) were removed if < 5 other contacts fell within 10 Mb in L0.5 distance

(instead of Loo distance used in Reference 7).

Haplotype imputation (2D)

In each round of imputation, contacts in an “evidence” set voted to impute unknown
haplotypes of contacts in a “target” set. For each target contact, a list of compatible haplotype
tuples was first enumerated. For example, a contact joining the maternal chromosome 1 and an
unknown haplotype of chromosome 2 would be compatible with two possible haplotype tuples,
(Chr 19, Chr 23) and (Chr 19, Chr 29Q). Each evidence contact would then vote for haplotype
tuples from this list, if such contact fell within 10 Mb in L0.5 distance from the target contact
and was compatible with one and only one haplotype tuple from the list. Imputation would occur

if the winning haplotype tuple gathered > 3 votes and > 90% of all votes.

Special care was taken for intrachromosomal contacts because intrahomologous contacts
were far more frequent than interhomologous contacts, especially at short ranges (small genomic
separation). A target contact would be assumed intrahomologous without voting, if its two legs
were separated by < 10 Mb; otherwise, voting still occurred but a winning interhomologous vote
would only be accepted if two legs were separated by > 100 Mb. In addition, intrachromosomal

contacts that had unknown haplotypes on both legs were not imputed.
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The imputation procedure began with all contacts that had known haplotypes on at least
one leg as both the target and the evidence sets. Such imputation was repeated two more times,
each time with previous results as the new evidence set. Results were subsequently cleaned by
removal of isolated contacts (< 2 other contacts that had the same haplotypes within 10 Mb in
L0.5 distance). Finally, cleaned results were used as the evidence set to impute a target set of all
interchromosomal contacts that had unknown haplotypes on both legs. For males,

pseudoautosomal regions (PARs) were excluded from this step.

3D genome reconstruction

Simulated annealing was performed by nuc_dynamics 7 (parameters: “-temps 20 -s 8 4 2
0.4 0.2 0.1” for 100-kb structures or “-temps 20 -s 8 42 0.4 0.2 0.1 0.04 0.02” for 20-kb
structures) with minor modifications. First, the backbone energy function remained harmonic for
large distances to reduce imputation errors. Second, removal of isolated contacts was skipped
because it was already performed. Third, the output was in a simple “3D genome (3DG)” format
(tab delimited: chromosome name, genomic coordinate (bp), X, y, z) because the original PDB
format did not allow > 99,999 atoms. An example code was provided to convert 3DG to mmCIF

for visualization in PyMol (run “set connect_mode, 4 before loading).

Haplotype imputation (3D)

Partly similar to Reference ’, unknown haplotypes of each contact were imputed by
comparing 3D distances in a draft structure. For each contact, a list of compatible haplotype
tuples was first enumerated (same as 2D imputation). For each possible haplotype tuple, 3D

positions of the two legs were calculated by linear interpolation along the polymer of particles,
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between which the 3D distance was recorded. Imputation would occur if the winning haplotype
tuple (the shortest 3D distance) yielded a 3D distance that was < 20 particle radii and < 0.5 times
the second shortest 3D distance. If two legs of an intrachromosomal contact were separated by a
distance below the draft structure resolution (in base pairs), the haplotypes were not imputed.
Finally, results were cleaned by removal of isolated contacts (< 2 other contacts that had the

same haplotypes within 10 Mb in L0.5 distance). For males, PARs were included in this step.

Removal of repetitive regions: Similar to Reference ’, particles that harbored few
contacts, such as centromeres and heterochromatic repeats, were removed from the final 3D
structure. For each particle, the number of contact legs within 0.5 Mb was recorded. The bottom

6% of all particles were removed.

Cross-validation & uncertainty analysis

For each GM 12878 cell, 10% of all SNPs were randomly held out from the list of phased
SNPs. The imputed haplotype of each leg was compared to original leg (ground truth).
Imputation accuracy was estimated by the fraction of correctly imputed legs given that the

ground truth was known (~ 5 k such legs per cell).

Estimation of reconstruction uncertainty was performed similar to Reference ’: Three
replicate structures were generated with different random seeds. After removal of repetitive
regions (see above), shared genomic particles were extracted from the replicates and aligned with
the Kabsch algorithm in a pairwise manner. For each particle, r.m.s. deviation was calculated
between all pairs of replicates. A lower bound for reconstruction uncertainty of each cell was

estimated by the median r.m.s. deviation across all particles.
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For mESC:s, five replicates were generated, because their smaller numbers of contacts
and limited chromosome intermingling occasionally led to suboptimal structures. These
suboptimal structures satisfied fewer contacts than other replicates, and were thus excluded.

Typical median r.m.s. deviation was ~ 1.3 particle radii (~ 130 nm).

Chromosome intermingling analysis

The extent of chromosome intermingling of each 20-kb particle was quantified according
to the chromosomes of nearby particles within 3 particle radii. Basic intermingling was defined
as the fraction of nearby particles (excluding itself) that were not from the same chromosome.
Multi-chromosome intermingling was defined as Shannon’s diversity index of chromosomes
(—2_pi In(p1), where pi denoted the fraction of nearby particles from chromosome 1). Another
measure of diversity — species richness (the number of nearby chromosomes) — yielded similar
results. The two homologs of the same chromosome were counted as two different
chromosomes. Note that quantification could be unreliable near repetitive regions such as the

centromere.

Compartment analysis

In a previous study®, the single-cell chromatin compartment (“compartment association
score”) of each genomic bin was defined as the average A/B compartment (as measured by bulk
Hi-C) of other bins that it contacted. Partly similar to this definition, we defined the single-cell
chromatin compartment of each 20-kb particle as the average CpG frequency (a proxy of A/B
compartments '*) of nearby particles (including itself) within 3 particle radii. This definition was

equivalent to 3D smoothing/diffusion of CpG frequencies in each structure.
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In some analyses, compartments were rank-normalized to 0—1 in each cell because CpG
frequencies were more variable in highly euchromatic regions. Note that in addition to simple
A/B compartments (with CpG frequency'? or GC content > as a proxy), the above calculation
could also be performed on other genomic vectors such as sub-compartments'® (such as the

polycomb), DNA methylation, and ChIP-Seq.

Promoter-enhancer looping analysis

The formation of a promoter-enhancer loop was defined as having at least one raw
contact (not haplotype-resolved) within & 20 kb of its predefined (by bulk promoter capture Hi-

C?") endpoints.
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