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Genome Sciences

Gene expression heterogeneity is ubiquitous within single cell datasets, even among cells of
the same type. Heritable expression differences, defined here as those which persist over multiple
cell divisions, are of particular interest, as they can underlie processes including cell differentiation
during development as well as the clonal selection of drug-resistant cancer cells. However,
heritable sources of variation are difficult to disentangle from non-heritable ones, such as cell cycle
stage, asynchronous transcription, and measurement noise. Since heritable states should be shared
by lineally related cells, I sought to leverage CRISPR-based lineage tracing, together with single
cell molecular profiling, to discriminate between heritable and non-heritable variation in gene

expression. I show that high efficiency capture of lineage profiles alongside single cell gene



expression enables accurate lineage tree reconstruction and reveals an abundance of progressive,
heritable gene expression changes. I find that a subset of these are likely mediated by structural
genetic variation (copy number alterations, translocations), but that the stable attributes of others
cannot be understood with expression data alone. Towards addressing this, I develop a method to
capture cell lineage histories alongside single cell chromatin accessibility profiles, such that
expression and chromatin accessibility of closely related cells can be linked via their lineage
histories. I call this indirect “coassay” approach "THE LORAX" and leverage it to explore the
genetic and epigenetic mechanisms underlying heritable gene expression changes. Using this
approach, I show that we can discern between heritable gene expression differences mediated by

large and small copy number changes, frans effects, and possible epigenetic variation.
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Chapter 1. INTRODUCTION

1.1  OPENING REMARKS

The Ph.D. output we most often discuss is the tangible one, the breadth of scientific work produced
during the years one spent in graduate school. But arguably, the most important output of graduate
school is you, the scientist. My hope at the outset of graduate school, whether I could articulate it
then or not, was to develop the confidence and technical flexibility to tackle the scientific problems
which captivated me most. Though the scientific questions themselves evolved over the years,
several common themes emerged. First, I wanted to have the technical skills to address any and all
curiosities I had about my data; I learned quickly that using exclusively available tools restricts
you to answering the limited set of questions they were built to address. Second, I continually
found that I wanted to see my data -- to make any hidden structure in it clearly visible to the naked
eye. Third, I wanted to make my work accessible to a broad audience. Often, seemingly complex
analyses are at their core a series of simple logical steps; presenting them clearly enables others

with a broad range of expertise to contribute meaningfully to the work.

In this dissertation, I describe my scientific contributions to the cell lineage tracing field. My
choice of the broad scientific problem and the specific puzzles I chose to solve along the way were
largely driven by the aspirations above: (1) to collect complex data in which hidden patterns are
expected but not readily obvious; and (2) to develop the computational skills necessary to build

from scratch any tool I need to access these patterns.
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I have also included several articles I wrote for a general audience at the outset of the COVID19
pandemic in response to widespread public confusion about testing (distributed on medium.com).
The first explains the biology behind the PCR test and systematic issues more broadly to address
misconceptions about the slow rollout of testing in the U.S. The second responds to a New York
Times article which, in an attempt to promote the widespread distributions of antigen tests, made
dangerous assertions about the shortcomings of the PCR test. This work felt particularly significant
and stimulating: it highlighted for me that by sharing our expertise in public-facing forums, we as
scientists can have a truly meaningful impact on individual decision making and broader policy

decisions.

1.2 THE RAPID EVOLUTION OF GENOME EDITING-BASED LINEAGE TRACING

METHODS

Since John Sulston heroically and painstakingly reconstructed the entire cell lineage tree of C.
elegans (consisting of about a thousand cells) by eye (Sulston et al., 1983), the quest to reconstruct
cell lineages of more complex organism has been an ambitious, but elusive, aspiration. Classical
approaches to lineage tracing in complex organisms involve marking cells early in development,
originally via injectable dyes and later via genetically-encoded fluorescent markers, where
fluorescence is induced by recombination events, and tracing progeny cells to determine which
organs and/or cells types are lineally related (reviewed in Kester & van Oudenaarden, 2018;
Kretzschmar & Watt, 2012; VanHorn & Morris, 2021). Though innovative and informative for
their time, these approaches are limited by the number of unique labels available, allowing for
tracing of only a small number of lineages within a single organism. Moreover, because the labels
can only be evaluated by visual methods (e.g. by eye or FACS), cell types may be hard to pinpoint

without additional targeted labeling.



Genetically-encoded labels — ones which can be read from DNA or RNA — theoretically provide a
solution whereby both label and cell type information (say, an expression profile) can be captured
together. Moreover, genetic labels can be diverse, theoretically enabling cells to acquire a series
of progressive labels to mark temporally-asynchronous lineage relationships within one organism.
The discovery of the CRISPR-Cas9 adaptive immunity system in bacteria (Jinek et al. 2012)
revolutionized genome editing, providing a new foothold for the development of lineage tracing
technologies. In the decade since, a number of innovative methods have emerged which use
programmable genome editing to generate diverse, progressive, and permanent genetic changes
which in some cases can be captured alongside other single cell features like expression. These
methods have in turn brought forth a new set of challenges, broadly falling into three categories:
(1) How to generate edits which are sufficiently diverse and progressively acquired to enable the
theoretical reconstruction of high resolution lineage trees; (2) How to capture recorded lineage
information alongside single cell technologies; and (3) How to reconstruct accurate cell lineage
trees from often incomplete data. In this thesis, I address each of these challenges. I first present
an overview of existing lineage recording and capture approaches, highlighting their successes and
limitations. I then summarize various lineage reconstruction approaches, with an eye on the
challenges inherent in developing computational methods for a quickly evolving technology. I will
then describe the lineage tracing method I have developed and address the advantages it has over
existing methods in each of the categories above. I will discuss the outstanding challenges which
my work highlighted, how the concepts I present here can be used to enhance other approaches,
and the recent developments in lineage tracing which may address some of these challenges.

Finally, I discuss potential future applications of the approaches presented here.



1.2.1  The inception of CRISPR -based lineage tracing methods: GESTALT

The CRISPR-Cas9 system in theory addresses two important challenges within genome editing-
based lineage tracing. First, edits can easily be directed to specific places in the genome, and thus
more easily captured from DNA or RNA. Second, programmed genetic changes are not limited to
a few outcomes as they had been using previous technologies. Diverse editing can theoretically be
achieved in several ways. One can supply a cell with a set of repair templates, such that a diverse
array of programmed insertions and/or deletions can result from a CRISPR-induced double strand
break. Such an approach is practically challenging as template-based repair has historically not
been particularly efficient (H. Yang et al., 2020). A simpler approach and one which underlies a
number of existing lineage tracing technologies is to rely on the intrinsic deficiencies in double
strand break (DSB) repair machinery: a subset of the time, DSBs are repaired imperfectly, leaving

behind small insertions, mismatches, and/or deletions.

The inaugural lineage tracing method to make use of this phenomenon is called GESTALT
(McKenna et al. 2016). McKenna, Findlay, Gagnon et al. engineered cultured cells and zebrafish
genomes to contain multiple CRISPR targets, each of which can theoretically be a site for
mutagenesis. The remaining CRISPR components (Cas9 & sgRNAs) were introduced transiently
or stably into cells, and transiently (via injection) into zebrafish. To simplify capture of the entire
set of targets within an individual cell, 10 targets were placed in tandem, with 3bp spacer sequences

between them. Thus, the entire array could be amplified from DNA or RNA as a single molecule.
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The benefits of this structure are obvious: capturing all lineage information as a simple amplicon
allows for easy translation of editing information into a cell's complete lineage profile, and, as the
authors show, enables one to infer a global set of lineage profiles in a tissue/group of cells from
bulk RNA/DNA. But the experiments presented in the paper also illustrate a major drawback to
this approach: there is a high degree of interaction between targets, resulting in frequent loss of
editing information. This can occur in three ways. First, repair events which result in deletions
which are more than a few bases long can remove neighboring targets, obscuring previously
recorded information or removing an unedited locus, making it unavailable for subsequent
recording. This problem can in principle be solved by increasing the distance between targets, but
this solution is practically limited by sequencing constraints, with poor clustering of long
amplicons using the Illumina short-read platforms. Second, the editing outcomes visualized in the
paper show a substantial degree of "inter-target deletions," where deleted bases fall neatly between
two CRISPR cut sites. Such an outcome suggests that the second cut occurred before the first was
able to be repaired, and thus the repair removed the intervening sequence. Reducing the rate of
editing may theoretically address this problem, though the rate at which cuts are repaired perfectly
is an integral parameter here; if imperfect repair is exceedingly rare relative to the amount of
cutting, reducing cutting rate sufficiently to address this phenomenon decrease editing frequency
to unworkable levels. Finally, editing of the first and/or last target in the array may remove primer
binding sites necessary for capture/amplification of the array, resulting in loss of the complete
lineage profile associated with a cell. In fact, McKenna, Findlay, Gagnon et al. describe a reduction
in the total number of uniquely-edited target arrays in zebrafish over time, a finding which is
attributed to loss of clonal diversity over the course of development, but may perhaps also arise

from full target array loss over the course of progressive editing.



McKenna, Findlay, Gagnon et al. also present an approach to control editing rate by generating
mismatches between sgRNAs and CRISPR targets. In theory, targets with mismatches are cut
much less frequently when mismatches are present, creating a set of loci where later developmental
relationships may be recorded. Such an approach continues to be explored, along with other

approaches to reduce editing rate described below.

Finally, to evaluate the relationship between lineage relationships and cell differentiation in
zebrafish, McKenna, Findlay, Gagnon et al. dissected adult zebrafish organs and profiled the set
of lineage barcodes associated with each using bulk PCR. They were thus able to describe organ-

level clonal contributions but were limited in investigating cell type-level clonality distributions.

In the years since this seminal paper was published, other work has built upon these principles to
address the main challenges described above: increasing editing capacity, reducing the rate of
information loss during recording/editing, capturing lineage information alongside single cell
molecular profiles to infer cell type-resolved clonal relationships, and reconstructing accurate

lineage from this information (discussed in more detail below).

1.2.2  The evolution of CRISPR-based lineage tracing method in zebrafish models

Zebrafish emerged as an ideal organism for benchmarking CRISPR-based lineage tracing
approaches, since the ability to inject CRISPR components directly into the one cell embryo
allowed for quick iterations. Though the original approach generated a transgenic zebrafish
harboring an editable target array, several groups made use of existing transgenic zebrafish lines

with convenient editable loci. Alemany et al. (2018) (Alemany et al. 2018) developed ScarTrace,
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using of a zebrafish line with eight genomic copies of GFP integrated in tandem. sgRNAs were
designed to target a single position within the GFP gene, greatly increases the space between
targets relative to GESTALT. This strategy addresses one major shortcoming of the original
approach: repair events resulting in large deletions are less likely to remove neighboring targets.
However, because targets are still located close together and editing rate is relatively uncontrolled,
multiple cuts occurring close together in time can still result in inter-target deletions, removing
previously recorded in formation. The frequency with which this occurs in the presented study was
difficult to assess, as target sequences were identical and amplification of the entire array was not

performed.

The distance between targets poses a challenge relative to GESTALT: it is not possible to amplify
and sequence the entire array as a single amplicon. Therefore, it is not possible to infer a single
cell's lineage profile (i.e. the complete set of edits associated with that cell) from bulk profiling.
To this end, Alemany et al. adapted SORT-seq, developed for scRNA-seq, to capture
transcriptomes alongside lineage profiles. Single cells are sorted into a 384-well plate, and reverse
transcription is performed to capture transcriptomes. Alemany et al. note that "scars" made within
GFP constructs can be captured from both RNA & DNA, but GFP expression is vulnerable to
promoter shut-off. Thus, they perform an additional nested PCR step to amplify the sgRNA-
targeted GFP loci from each single cell, enabling them to associate an expression profile with a set

of clone-defining scars.

Profiling expression and lineage from the same single cells enables Alemany et al. (2018) to assess

relative clonal contributions at the level of the cell type, without the need for dissection or cell type
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labeling, but their approach has several drawbacks. First, their single cell profiling method is
relatively low throughout, limiting them to assessing just hundreds of cells. Second, the eight
targets available for editing are indistinguishable from one another. Thus, it is not possible to
discern whether a shared edit between two cells is indicative of shared clonality (i.e. occurs at the
same locus), or identical edits were independently introduced at two different loci. Though the
authors find hundreds of unique editing patterns associated with a single targeted sequence, work
presented in this dissertation and that of others (McKenna et al. 2016; W. Chen et al. 2019) shows
that CRISPR repair outcomes at a single targeting sequence are not evenly distributed, with high
likelihood that the same outcome occur more than once. Such a setup greatly complicates lineage
tree reconstruction, and consistent with this, the authors focus on static clonal groups over

progressive lineage divergence.

A similar approach, LINNEAUS (Spanjaard et al. 2018), used a zebrafish line with multiple RFP
genes spread throughout the genome. Such a structure greatly reduces the likelihood of inter-target
deletions plaguing both ScarTrace and GESTALT. Additionally, Spanjaard et al. captured edited
RFP genes via targeted transcript capture alongside full transcriptomes via a droplet-based
approach, greatly increasing the number of cells they were able to profile relative to ScarTrace.
This approach, however, retains some of the drawbacks observed in ScarTrace, notably, that
targets are indistinguishable from one another and thus common editing outcomes occurring at
different targets may be interpreted erroneously as a sign of clonality. Spanjaard et al. address this
problem more formally than previous methods. They evaluate the set of editing outcomes from
multiple zebrafish embryos, pinpoint those outcomes which occur in more than one embryo as

likely also having multiple intra-embryo origins, and removing them from downstream analyses
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for all embryos. This approach likely improves the accuracy of tree reconstruction, but at the

expense of lineage information loss.

A third method developed concurrently with those described above is sScGESTALT (Raj et al.
2018), which improves upon the original approach in several important ways. First, the new
construct is expressed off a heat shock promoter, such that expression can be induced prior to
dissociation and target array captured alongside single cell expression profiles via a droplet-based
approach. Second, Raj et al. introduce an innovative method to control the timing of editing.
Previous methods introduced Cas9 and sgRNAs via injection at the one-cell stage, resulting in
editing only during very early developmental stages. Raj et al. use such an approach to introduce
edits in the first four targets in their array but introduce an inducible system for initiating editing
of the remaining five targets at a later timepoint. Here, a construct containing constitutively
expressed sgRNAs and heat shock-inducible Cas9 is integrated into the genome and meets the
target construct only during fertilization. Low expression of these five sgRNAs relative to the
concentration of the injected set early in development results in robust editing only of the first four
targets until the heat shock-activate Cas9 is induced to be expressed. Since heat shock timing can
be varied, this innovative approach allows for lineage recording at various developmental stages.
Though the arrayed design still predisposes the construct to inter-target deletions, the authors find,
as expected, that inter-target deletions occur much less frequently between the 'early' and 'late'

edited targets, as expected if near-simultaneous cutting is a prerequisite for this phenomenon.

1.2.3 CRISPR-based lineage tracing applied to mammalian systems

Raj et al. showed that one can achieve progressive editing by introducing all lineage tracing

components stably into the genome, paving the way for CRISPR-based lineage tracing in
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mammalian systems. The work of Kalhor et al. (2018) (Kalhor et al. 2018) first suggested this was

possible. Kalhor et al. introduced their homing CRISPR system (Kalhor, Mali, and Church 2017)
into mice, in which sgRNAs simultaneously serve their traditional role and that of the target itself,
resulting in continuous sequence diversification. In this system, the 60 targets/hgRNAs (i.e.
homing guide RNAs) continuously edit themselves, miraculously not substantially interfering with
normal development. Such a system is impractical for reconstructing complex lineage trees, as
previously recorded information is continually being destroyed, but it does enable editing to
continue well into development in a mammalian system, resulting in a diverse set of clonal labels
from which clonal dynamics can be inferred. Importantly, this study shows that continuous double

strand breaks are compatible with mammalian development.

The first more traditional CRISPR-based approach for lineage tracing applied in mice was
presented by Chan et al. (2019) (Chan et al. 2019). Their target design is a hybrid between the
array and dispersed individual targets; many short, 3-target arrays are stably integrated into the
genome via oocyte injection of a piggyBac transposon vector, also expressing sgRNAs.
Constitutively-expressed Cas9 is introduced during fertilization via sperm injection. Importantly,
unlike previous methods which use the dispersed approach, individual target arrays contain a
unique 8-bp barcode, making them distinguishable from one another irrespective of editing
outcome. To mitigate the likelihood of inter-target deletions, Chan et al. introduced sequence
mismatches between a subset of sgRNAs & targets. They noted that, with the exception of arrays
which contained multiple perfect match target/sgRNA pairs, inter-target deletion rate was
markedly reduced. This observation is promising, suggesting that for methods with arrayed targets,

reducing editing rate in a variety of ways may address inter-target deletions.
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To profile lineage concurrently with expression, Chan et al. designed their lineage constructs with
a polyA capture sequence so that constructs are captured from mRNA via the 10x Genomics
platform. Though some lineage information was captured alongside the majority of single cell
expression profiles, lineage profiles were largely incomplete. Across 7 embryos with 3-15 targets
per embryo, Chan et al. (2019) recovered at least one edited lineage array from 15-75% of cells
per embryo, but just one target array was captured efficiently (>25% of cells) in 6 of 7 embryos

(Chan et al. 2019). Such low recovery largely precludes accurate lineage tree reconstruction.

In a related lineage tracing method applied in mice, called CARLIN, Bowling et al. (2020)
(Bowling et al. 2020) again record information to a single target array reminiscent of GESTALT,
but the transgenic Cas9 construct is doxycycline-inducible, giving the authors control over when
editing occurs. They show that administering doxycycline via drinking water to adult mice is
sufficient to induce editing, allowing them to track clonal relationships between proliferating cells
in the adult bone marrow. However, their target array design suffers from similar shortcomings to
previous methods: they observe many large, inter-target deletions obscuring previously recorded

information.

Together, these studies illuminate both the potential of CRISPR-based lineage tracing and the
substantial challenges which remain to be addressed before truly accurate, high-resolution cell

lineage tracing is achieved.
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1.2.4  Alternative, non-CRISPR, methods for progressive genome editing for lineage tracing

Several methods introduce genomic changes for lineage reconstruction without the use CRISPR-
mediated double strand break repair. Wagner et al. (2018) (Wagner et al. 2018) developed
TracerSeq, a transposition-based approach where the Tol2 transposase system is used to integrate
GFP reporter containing a diverse library of barcodes in its 3' UTR. All components of the
transposase system are injected into the zebrafish embryo, requiring no prior genome engineering.
Importantly, injected plasmids persist over multiple cell divisions and can thus integrate
sequentially over time, theoretically enabling a reconstruction of a multi-tier tree. The GFP

constructs are expressed such that the barcodes appear in a standard scRNA-seq library.

While novel, this approach has several limitations. First, there are only a few systems (e.g.
zebrafish, frogs) which are amenable to injection to introduce editing component. Second, though
transposition can occur over the span of multiple cell divisions during early development, such a
system is not applicable to track lineage relationships beyond early development. Third, expression
can theoretically occur from the transposon plasmid prior to integration, with mRNA molecules
persisting in cells in which no integration has occurred. One can imagine this phenomenon
generating a high degree of noise and complicating lineage reconstruction. In fact, Wagner et al.
observe a transposition rate which far exceeds those previously reported for the Tol2 system
(Urasaki, Asakawa, and Kawakami 2008), suggesting some degree of non-integrated plasmid

expression.

Hwang et al. (2019) (Hwang et al. 2019) use a nickase Cas9 (nCas9) fused with a cytidine

deaminase to introduce genomic edits via base editing into endogenous L1 loci. Cytidine
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deaminase converts C:G base pairs to T:A base pairs within a small region (4-8 nucleotides) from
the PAM protospacer. Importantly, double strand breaks are not induced as part of the editing
process, a promising development for applying progressive lineage tracing to complex systems
where the DSBs themselves may perturb cell fate decisions. However, given the relatively small
number of bases available for conversion at each locus, multiple identical events are bound to

occur independently many times, hindering accurate tree reconstruction.

Finally, Loveless et al. (2021) (Loveless et al. 2021) introduced CHYRON, an innovate approach
where editing events are a series of short (1-7 base) insertions at a target locus. To achieve this,
the authors use homing guide RNAs (hgRNAs) which serve both as locator and target site, and
terminal deoxynucleotidyl transferase (TdT), a template independent DNA polymerase. While
this approach has its own set of challenges (e.g. the algorithmic challenge of splitting a set of
inserted bases of variable length into individual insertion events), it signals a shift towards methods
where editing in more controlled, i.e. where large insertions and/or deletions are not a major sourse

of information loss.

Together, these methods exhibit astoundingly quick developments in progressive, genome editing-
based lineage tracing, and highlight a number of outstanding challenges. These include
constructing a lineage recorder in which edits to not interfere with those at other targets, potentially
better control of editing rate, and high efficiency capture alongside single cell expression profiles.
Each of these advances would improve our ability to accurately reconstruct lineages, as outlined

below.
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1.3 COMPUTATIONAL METHODS FOR CELL LINEAGE TREE RECONSTRUCTION: A

BRIEF OVERVIEW

With the rapid advances in experimental lineage tracing methods, computational methods for
lineage inference from CRISPR-based data have had to evolve alongside. While cell lineage
reconstruction is conceptually a similar problem to phylogenetic reconstruction, traditional
phylogenetic tools have come up short to adequately address this problem. A number of
assumptions (e.g. relative infrequency of genetic changes; low likelihood of convergence events,
etc.) underlying phylogenetic algorithms do not hold true in cell lineage tracing data, and the sheer
number of cells often precludes the use of algorithms which attempt to reconstruct all possible
trees and evaluate them against each other. Moreover, CRISPR processes are arguably more
challenging to model than evolutionary ones, and different methods require the consideration of
different outcomes (e.g. are inter-target deletions possible?), making it impossible to develop a
fully automated and globally-applicable algorithm for cell lineage reconstruction from CRISPR
data. In this section, I present a brief overview of the methods which have been proposed and the

challenges encountered.

The original GESTALT (McKenna et al. 2016) paper uses Camin-Sokal maximum parsimony, a
phylogenetic approach implemented in the PHYLIP package (Felsenstein 2009). PHYLIP's
implementation is written with evolutionary tree reconstruction in mind and thus has capacity to
accommodate only a few variable options per genomic position. To accommodate the variety of
editing outcomes observed in GESTALT, McKenna, Findlay, Gagnon et al. modified the input
data such that each unique edit observed anywhere in the target array is given its own unique

position in the lineage profile supplied to PHYLIP, with possible 'states' being the presence or
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absence of the edit. Though this approach enables the encoding of multiple editing outcome at a
single target array, it has the disadvantage of making all available editing patterns independent of
one another, such that a cell's inferred lineage can in principle contain sequential, overlapping edits
(Feng et al., 2021). Such a trajectory is not biologically valid, and highlights one challenge in

applying phylogenetic algorithms to CRISPR-based cell lineage data.

The other early CRISPR-based approaches described above were less readily amenable to
phylogenetic reconstruction methods because targets (e.g. multiple GRP or RFP loci) were not
distinguishable from one another. For example, Spanjaard et al. (Spanjaard et al. 2018) found that
Camin-Sokal parsimony produced inaccurate trees, and instead developed a graph-based approach.
Edges are drawn between any edits found together in the same cell, and the most connected edit
becomes the root. This edit is then removed, and the next most connected edit forms the following
branch, iteratively constructing a tree such that each terminal branch is associated with a list of
edits expected in that lineage. Cells can then be placed at the tips of this tree. The authors
acknowledge that some cells cannot be placed at a terminal end of the tree due to missing data, but
also point out that in some cases, missing data can be inferred using this approach. This edit
abundance-based algorithm offers promise, but would clearly benefit from advances in
experimental lineage tracing methods, including the ability to associate editing patterns with

specific targets.

1.3.1 Benchmarking algorithms using simulated data

Benchmarking algorithms using experimental data is particularly challenging because the correct
lineages are not known. Therefore, several groups have attempted to model CRISPR processes in

order to generate simulated datasets which in theory reflect experimentally-collected data.
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The largest comprehensive effort to solicit and benchmark algorithms was as part of a DREAM
challenge (Gong et al., 2021). It consisted of several tasks, based either on the intMEMOIR (Chow
etal., 2021) lineage recording strategy or on GESTALT. The intMEMOIR approach uses integrase
to edit an array of 10 barcodes into two possible outcomes (the 'unedited' state serving as a third).
Given the frequency with which the same event is bound to occur multiple times independently in
different cells in a single experiment, reconstructing lineages from these data is algorithmically a
different problem from CRISPR-based lineage inference, where much more edit diversity is
expected. Thus, I will focus on the second challenge: reconstructing lineage relationship from

simulated CRISPR-like editing data.

Two simulated datasets were generated. The first, modeling the development of C. elegans,
postulated an editable array of 200 targets -- a number beyond what has been experimentally
explored, but within a reasonable realm of possibility. The second challenge simulated the editing
of a 1000-target array, with M. musculus development in mind. Simulations parameters were
designed to be as consistent as possible with experimentally-observed phenomenon. Over many in
silico cell divisions, targets stochastically accumulated edits, with a total of 32 possible states at
each target (including unedited and deletion). All outcomes were not equally probable, but sampled
from a gamma distribution. Inter-target deletions were also a possibility if edits occurred at two
targets within 20 targets of each other in the same cell division and impacted 5-10% of targets in
the simulation. Finally, drop-out events modeling loss of information during the capture stage were

implemented in the M. musculus data.
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Distance-based approaches which use hierarchical clustering dominated submissions (e.g. Liu,
Guan, DCLEAR(Gong et al., 2022)). Because simulated training data was available, most
strategies calculated “transition probabilities” associated with every edit and calculated distances
between cells using these probabilities. This approach takes into account the fact that some edits
are much more likely to occur multiple times independently than others. Thus, cells with rare edits
are likely to be grouped together. Importantly, such probabilities may be calculated from
experimental data if enough independent samples are collected, so such an approach is
transferrable to non-simulated data. Hierarchical clustering approaches generally do well placing
closely related cells next to each other, but the resulting tree does not necessarily reflect the set of

editing events which generated the data.

One group (AMbeRland) used a machine learning approach to estimate parameters from the
training data. Though such an approach can in principle work well to reconstruct test data trees,
for it to work well in an experimental set, it is crucial that simulated parameters be consistent with

real-world ones. As described above (and as we will see below), this is extremely challenging.

A stand-out approach, Cassiopeia (Jones et al., 2020), which was developed prior to the challenge,
uses a maximum likelihood approach. Briefly, they first generate a Steiner Tree of all possible
ancestral states and then use integrated linear programming (ILP) to solve this potential graph to
arrive at the optimal solution. Because this approach was originally developed with relatively small
(phylogenetic) datasets in mind, it is not possible to apply it to an entire dataset of thousands of
cells. Thus, Jones et al. implement a greedy approach to split cells into related subgroups and

reconstruct subtrees to be merged as a final step. The splitting algorithm is based on edit



18

abundance: subgroups are iteratively split based on the presence or absence of the most abundant
edit. The problem with this approach arises from missing and/or erroneous data, an unfortunate
but probably expected outcome of all lineage tracing methods. Such a splitting algorithm applied
to raw data results in cells with missing/erroneous data being split from their close relatives early,
without hope of reuniting in subsequent steps. In my work, I implement a similar greedy approach,
but present a method to address missing/erroneous data such that close relative cells remain

clustered together.

Finally, an innovative approach developed specifically with GESTALT data in mind (Feng et al.,
2021), applies a penalized maximum likelihood estimation approach. Originally posted to bioRxiv
in 2019, it paved the way for the challenge described above, considering carefully all the
parameters which needed to be modeled to simulate life-like datasets. It is the only method to date
which applies another phylogenetics-derived principle — time-estimation — to lineage
reconstruction. Briefly, assuming constant rate of editing and enough editing capacity, one can in
theory estimate the relative temporal properties associated with each lineage. This idea is
extremely intriguing and particularly useful in complex organism development; it remains to be

seen whether a system where editing rate is truly constant will be developed.

In all, accurate parameter estimation has proven to be an extremely challenging problem, in large
part because (1) processes assumed to have a constant rate (e.g. Cas9 cutting) in practice appear
not to; and (2) a number of complex and experiment-specific phenomenon underly missing data,

and assuming it is randomly distributed creates some important asymmetries between simulated
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and experimental data. In my work, I attempt to design an algorithm which is robust to missing

data and has capacity to accommodate non-random missing data (e.g. target-specific loss).

1.4  AIM OF THIS WORK: APPLYING LINEAGE TRACING TO INVESTIGATE THE

SOURCES OF CELL HETEROGENEITY

In the work presented here, I aim to address the challenges presented above, with regards to lineage
recording, lineage capture alongside single cells molecular measurements (expression and
chromatin accessibility), and computational reconstruction of lineage relationships. I apply the
methods presented here to investigate the sources of heterogeneity in cultured cells. The work
presented here is associated with a submitted manuscript, co-authored with Junyue Cao and Jay

Shendure. Thus, the article “we” is used.

Single cell molecular profiling technologies have revealed extensive gene expression
heterogeneity, even between cells of a single cell type (O’Leary et al. 2020; Patel et al. 2014; Y.
H. Choi and Kim 2019; SoRelle et al. 2021; Muto et al. 2021; Li et al. 2022). Expression variation
can arise from a number of sources, including transient phenomenon like cell cycle stage and
transcriptional bursting (Tunnacliffe and Chubb 2020), as well as stable genetic (Ben-David et al.
2018) or epigenetic (Bonasio, Tu, and Reinberg 2010) differences within a cell population. Stable
sources of variation are of particular interest as they are “heritable” over multiple cell divisions,
and can thus serve as substrates for selection, altering a cell population over time. Such heritable
phenomena may underlie differentiation during normal organismal development as well as the
acquisition of drug resistance in cancer (Salgia and Kulkarni 2018). Yet within a set of single cell
gene expression profiles, representing a population snapshot in time, it is difficult to distinguish

between stable and transient expression variation. This is particularly challenging for cells of a
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single cell type, where transient differences may mask heritable variation when performing

clustering analysis to distinguish cell states (Kiselev, Andrews, and Hemberg 2019).

Heritable sources of expression variation have at least one property which distinguishes them from
transient variation: because they are stable over multiple cell divisions, they should be shared by
cells which are closely related by lineage. It follows that if all lineage relationships were known,
we could discern heritable from non-heritable variation by assessing the distribution of variation
across a lineage tree (Figure 1.1a) . While transient variation should be randomly distributed, stably
maintained expression states should cluster together within the tree, i.e. tracking to a common
“founder” event. Thus, lineage histories, coupled to gene expression profiling, could potentially

enable the differentiation of heritable vs. non-heritable sources of expression variation.

Molecular methods for cell lineage history profiling compatible with concurrent expression
profiling involve either static or progressive genetic barcoding. The static approach
introduces short, transgenic barcodes to proliferating cells, such that closely related descendants
share a barcode sequence (Rodriguez-Fraticelli et al. 2018; Weinreb et al. 2020; Biddy et al. 2018;
Guo et al. 2019). Static barcoding might reveal heritable sources of gene expression that were
acquired close to the time of labeling, but would presumably miss those occurring substantially
earlier or later. In contrast, progressive lineage tracing methods (e.g. GESTALT and related
methods described above), wherein cells accumulate sequence diversity at multiple genomic
locations over time, facilitate reconstruction of multi-tier lineage trees, and might therefore be
more sensitive with respect to detecting heritable gene expression variation (Alemany et al. 2018;

McKenna et al. 2016; Wagner et al. 2018; Raj, Gagnon, and Schier 2018; Raj et al. 2018; Spanjaard
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et al. 2018; Kalhor, Mali, and Church 2017; Kalhor et al. 2018; Chan et al. 2019; Loveless et al.

2021; Bowling et al. 2020; Perli, Cui, and Lu 2016; Hwang et al. 2019).

A high diversity of labels can be achieved via CRISPR/Cas9, where imperfect double strand break
repair via NHEJ can generate a variety of outcomes (referred to here as “edits” or “indels”)
(Alemany et al. 2018; McKenna et al. 2016; Wagner et al. 2018; Raj, Gagnon, and Schier 2018;
Raj et al. 2018; Spanjaard et al. 2018; Kalhor, Mali, and Church 2017; Kalhor et al. 2018; Chan et
al. 2019; Loveless et al. 2021; Bowling et al. 2020; Perli, Cui, and Lu 2016). Over many cell
divisions, the pattern of indels that accumulate at CRISPR/Cas9 targets are informative with
respect to the lineage relationships amongst the cells in which they occur. Most strategies reported
to date, whether implemented in vitro or in vivo, place several targets in tandem, such that the edits
at these multiple targets can be recovered within a single DNA or RNA-derived sequencing read
(Alemany et al. 2018; McKenna et al. 2016; Wagner et al. 2018; Raj, Gagnon, and Schier 2018;
Raj et al. 2018; Spanjaard et al. 2018; Kalhor, Mali, and Church 2017; Kalhor et al. 2018; Chan et

al. 2019; Loveless et al. 2021; Bowling et al. 2020; Perli, Cui, and Lu 2016).

In practice, however, there are a number of technical issues that limit this approach. First, arrays
of CRISPR/Cas9 targets frequently acquire large deletions when concurrent DSBs at different
targets within the array are joined, potentially excising previously recorded information at
intervening targets. Second, read length limitations require targets to be placed close to one
another, such that the editing of one target risks corrupting adjacent targets. Third, although it is
possible to capture CRISPR/Cas9-edited lineage targets as part of a single cell RNA-seq (scRNA-

seq) profile, this has usually been inefficient in practice. For example, using InDrops to capture a
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tandem array of 10 CRISPR targets alongside single cell transcriptomes in juvenile zebrafish
brains, Raj et al. (2018) recovered lineage profiles from just 6-28% of cells with expression
profiles (Raj et al. 2018). Similarly, using 10X Genomics to capture arrays of 3 CRISPR targets
from mouse embryos alongside scRNA-seq (3-15 array integrations per embryo), Chan et al.
(2019) recovered at least one edited lineage array from 15-75% of cells per embryo, but just one
target array was captured efficiently (>25% of cells) in 6 of 7 embryos (Chan et al. 2019). In each
case, both target design and the method of capturing lineage targets during scRNA-seq likely

contributed to the limited recovery.

Here, we introduce a CRISPR-based lineage tracing approach in which many distinct lineage
recording loci are integrated independently throughout the genome. These targets can each
accommodate relatively large deletions and insertions. We further show that, with targeted
enrichment, they can be captured efficiently alongside transcriptomes via a combinatorial indexing
approach (sci-RNA-seq) (Cao et al. 2017, 2019). To analyze data generated from a proof-of-
concept in vitro monoclonal expansion, we developed a lineage tree reconstruction algorithm that
is robust to missing data and recurrences (i.e. where identical edits occur independently), and
validate the algorithm using copy number alterations (CNAs) that are evident in expression data.
We show that incorporating lineage relationships into expression analysis reveals abundant
heritable expression variation, including instances that are clearly explained by CNAs, but also

many which are not.

Finally, towards investigating the mechanism(s) underlying expression heritability, we develop an

approach to capture cell lineage relationships alongside single cell chromatin accessibility. We
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show that we can link two distinct molecular features—gene expression and chromatin
accessibility—via their lineage profiles (Figure 1.1b). We then use these lineage-tethered features
to further distinguish between expression changes which can be explained directly by copy number
alterations, ones likely mediated by trans effects of copy number alterations, and ones which are
more likely to have resulted from a stable change in cis regulatory state. We term this approach

THE LORAX: Tracking Heritable Events via Lineage-based Ordering of chRomatin Accessibility
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Figure 1.1. Tethering the molecular profiles of single cells by their lineage histories to
investigate sources of cell state heterogeneity.

(a) A framework to distinguish heritable from non-heritable sources of gene expression variation
using lineage relationships. (b) A framework for tethering single cell expression (scRNA-seq) and
chromatin accessibility (scATAC-seq) measurements via lineage relationships to investigate the

mechanisms underlying heritable expression variation (THE LORAX).
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Chapter 2. DESIGNING & EVALUATING A LINEAGE RECORDING

SYSTEM

2.1 LINEAGE TRACING CONSTRUCT AND EXPERIMENTAL DESIGN

We first set out to design a CRISPR/Cas9-based lineage tracing strategy that addresses outstanding
technical challenges. Reconstructing an accurate, multi-tier lineage tree from progressively
acquired edits requires the following: (a) multiple editable loci such that successive tagging can
occur in a single lineage over time; (b) a high probability of diverse editing outcomes at a single
target, such that identical edits at that target are unlikely to occur independently in different cells;
(c) controllable editing machinery, such that target capacity is not exhausted quickly after editing
onset; (d) permanence of edits, such that they are not likely to be overwritten or lost; and (e) a high
rate of capture of editing information alongside single cell profiling of other features. Towards
realizing these features, we designed a construct in which individual targets are integrated
independently across the genome and captured as separate transcripts (Figure 2.2a-b). Each target
contains a unique identifier sequence, which is positioned such that the target can accommodate
up to a 70 bp deletion centered at the cut site without corrupting the identifier, as well as, assuming
300 bp read lengths, insertions of up to 105 bp. The sgRNAs are delivered on the same lentiviral
construct as the targets, with targets expressed from a highly active EF-1a promoter to enable

lineage capture from mRNA.

To generate cells with a high capacity for lineage recording, we transduced HEK293 cells at a high
multiplicity-of-infection (MOI) with this construct and attempted to establish clonal populations.
Even in the absence of editing, most clones grew poorly, with the lentiviral integrations themselves

at this high MOI potentially contributing to toxicity. Across 26 clones, we observed integration
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counts ranging from 2 to 53, with a median of 11 integrations (Figure 2.1a). We moved forward
with a robust clone bearing 36 unique integrations, as evidenced by the diversity of unique
identifier sequences (“target IDs”; Figure 2.1b). To induce editing, we transduced this clone again
with a doxycycline-inducible Cas9 lentiviral construct, sorted single cells, and allowed a clonal
population to grow from a single founder cell (such that all progeny cells comprise a single lineage
tree). Interestingly, only 32 unique target IDs were observed after this second round of cloning,
potentially due to karyotypic instability (discussed further below), while one integrant contained a

mutation that corrupted its target site Figure 2.1b).
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Figure 2.1. Evaluating lentiviral target integrations.
(a) Number of unique target IDs across 26 clones derived from high MOI transduction of HEK293
cells. Box shows median and encompasses counts in the second and third quartiles. Whiskers
depict the interquartile range. (b) Frequency of each unique target ID within the unedited clone
used for the main experiment. As discussed in the text, this clone was “re-cloned” following
transduction with doxycycline-inducible Cas9 lentiviral construct, such that a single founder cell
generated the tree. Four target IDs that were abundant after the first round of cloning were
unobserved after this re-cloning step (red bars), while an additional one was corrupted by a
mutation and therefore also excluded (red bar with asterisk). The remaining 31 abundant target
IDs were carried forward in the analyses, with two of these “duplicated” in silico to account for

their inferred duplication just before or during the clonal expansion.
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After 35 days of expansion of this clone, with passaging as needed (Methods), a portion of the
cells were harvested for single cell expression and lineage analysis, while the remaining cells were
frozen down for subsequent profiling of chromatin accessibility. Of note, although doxycycline
was not applied, we nonetheless observed diverse and progressive editing with this clone,
presumably because of leaky expression of Cas9 (Costello et al., 2019). For concurrent acquisition
of whole cell transcriptomes alongside lineage information, we performed 96 x 768 sci-RNA-seq,
with processing of cells in eight batches during the second indexing step (Cao et al., 2017, 2019).
To facilitate the efficient recovery of lineage targets from each cell, we introduced a supplemental
set of reverse transcription primers during the first round of indexing, and split the material in half
prior to indexed PCR during the second round of sci-RNA-seq2, with one half being used for the

general transcriptome, and the other half for targeted recovery of the lineage profiles (Methods).
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Figure 2.2. Lineage tracing construct and experimental design.

(a) Target vector design. A target cassette was integrated into the CROP-seq vector (Datlinger et
al., 2017) as shown. (b) Schematic of experimental workflow. Cells were transduced at high MOI
with constructs containing an sgRNA and barcoded target sequences, such that many integration
events per cell were expected. A single clone was then transduced with a doxycycline-inducible
Cas9 vector, single cells were sorted, and a single founder cell was allowed to divide for 35 days
while editing occurred. The final cell population was split for either target capture alongside sci-

RNA-seq or sci-ATAC-seq.
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2.2 EVALUATING CONCURRENT CAPTURE OF LINEAGE AND SINGLE CELL

EXPRESSION PROFILES

These libraries were sequenced, and the resulting reads were adaptor-trimmed, aligned to the
reference human genome, and deduplicated. For the single cell transcriptomes, we observed a
median of 13,212 UMIs per cell, across 15,525 cells (Figure 2.3c). For the 31 retained, uncorrupted
lineage targets (Figure 2.1b), each bearing a unique target ID sequence in the resulting reads, we
observed a high rate of capture, with > 25 captured from 59% of cells, > 20 from 85% of cells, and
> 10 from 99% (Figure 2.3b). Target capture rates were unevenly distributed across the eight
batches of indexed PCR amplification, likely due to slight technical differences (Methods; Figure
2.4a-b). Recovery varied across the integrations as well, with each target ID recovered in a median
of 80% of cells (range 50% to 93%) (Figure 2.3c), presumably due to position effect variegation
and/or early karyotypic instability or large deletions associated with more frequently lost targets.
Overall, these results indicate that a modified version of sci-RNA-seq can be used to efficiently
recover transcriptomes alongside dozens of lineage target integrants from each of many single

cells.

We next performed a series of filtration steps, removing cells with limited lineage information as
well as those deemed likely to be doublets. First, cells were filtered to those with at least 10 lineage
targets recovered, at least one of which was edited. In some cases, an edit could not be resolved,
as more than one editing pattern seemed to exist for a given lineage target integrant (Methods).
We termed these edits "ambiguous." Cells associated with more ambiguous than unambiguous

edits, presumably doublets, were removed, as were cells with excessively high UMI counts
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(Methods; Figure 2.4). The single cell transcriptomes and associated lineage targets of the

remaining 10,234 cells were carried forward for all subsequent analyses.
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Figure 2.3. Evaluation of concurrent expression and lineage profile capture.

(a) Log-scaled boxplot of UMI counts for sci-RNA-seq (not including enriched target UMIs). Box
shows median and encompasses counts in the second and third quartiles. Whiskers depict the
interquartile range, with outliers shown. (b) Histogram of the number of targets captured per cell.
(¢) Percent of cells from which each individual target was captured. Targets 30 & 31 were

duplicated (see text), and hence artificially appear to have a high rate of capture.
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Figure 2.4. Batch-specific evaluation of target capture.

(a) Distribution of the number of targets captured per cell, per batch (out of 31). (b) Gray: Number
of targets captured per cell across batches; Purple: number of targets captured per cell in batch #1.
(¢) Distribution of transcriptome UMIs per cell, per indexed PCR batch ("plate"), with UMI cut-
off for doublet removal shown by red lines. Cells with UMI counts > 1.8X the median UMI count

for each batch were removed from the analysis. Singlets and doublets inferred from collisions in
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lineage data. “Singlet (confident)” corresponds to cells which can confidently be called as singlets
based on the number of non-ambiguous editing events observed. In panels a & ¢, boxes show
median and encompass counts in the second and third quartiles, while whiskers depict the

interquartile range.
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Across this entire dataset, we observed 461 unique editing patterns of the common target sequence,
of which 182 were independently observed in at least 2 cells in association with the same target
ID. The remainder may correspond to real events that occurred late in the expansion and were thus
only sampled once, or alternatively PCR or sequencing errors. The 50 most frequently observed
edits, across all cells and target IDs, are shown in Figure 2.5a. Of note, edits that recur
independently as well as edits that occurred early during clonal expansion will both appear
“common” by this measure. The three most frequently observed edits, together comprising 58%
of all edits, appear to be recurrent: they occur in association with the majority of target IDs (Figure
2.5a), and furthermore correspond to outcomes anticipated to be favored by microhomology (Sfeir
& Symington, 2015). Such frequent editing outcomes complicate tree construction, and can be
avoided in the future through better target design (W. Chen et al., 2019). However, the clear
majority of editing outcomes were only observed in association with a single target ID, consistent

with their origination from a single event during the clonal expansion (Figure 2.5b).

Unexpectedly, two targets (#30 & #31) contained a large number of ambiguous editing calls—two

distinct editing patterns convincingly present in association with the same target ID in the same
single cell. This is consistent with a duplication event, i.e. in which the locus in which the target
ID resides was duplicated early in the clonal expansion, or more likely during the second round of
cloning. Additional evidence, discussed further below, of large-scale CNAs in the transcriptome
data, corroborates this hypothesis. Rather than filtering out these targets, we “duplicated” them in

silico, parsimoniously distributing the top two edits associated with these target IDs in a given cell,
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while minimizing the number of independent editing events required to explain them (Methods).

As such, in the end, single cell lineage profiles contained 33 unique targets.
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(a) Left: Top 50 most abundant editing patterns. Insertions are shown one base left of the insertion
site; “Mu”: multi-base insertion. Middle: Targets at which the editing pattern is observed in at least
20 cells. Right: Log-scaled percentage of all edits represented by the top 50 editing patterns. (b)

Proportion of editing patterns observed in 1, 2, 3, or more than 3 targets, if considering editing

patterns appearing in at least 2 cells at a single target (left), or at least 20 cells (right).
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Chapter 3. RECONSTRUCTION LINEAGE RELATIONSHIPS USING

SINGLE CELL LINEAGE PROFILES

3.1 FEATURES OF LINEAGE DATA WHICH HINDER THE USE OF TRADITIONAL

PHYLOGENETIC APPROACHES

The reconstruction of cell lineage trees from CRISPR-edited targets has proven to be a difficult
problem (Gong et al., 2021; Salvador-Martinez et al., 2019). Although phylogenetic reconstruction
methods can in principle be applied here, several factors make this practically challenging. First,
the amount of information within a lineage profile is limited to the number of targets that are edited
and successfully recovered; the inefficient recovery observed in most studies to date results in
substantial “missing data”. Second, recurrent events, i.e. the same edit occurring more than once
independently at the same target, can be much more likely than in more conventional phylogenetic
datasets, further complicating reconstruction. Third, it is computationally impractical to apply
many popular phylogenetic algorithms to the large number of cells profiled with CRISPR-based
lineage tracing, particularly those relying on generating a subset of all possible trees and choosing
the most likely among them. To overcome this, one group employed a greedy approach to split
cells into subgroups, generating subtrees of subgroups and merging them at the end (Jones et al.,
2020). However, this approach was hindered by missing data in individual cell lineage profiles,

which frequently split closely related cells across multiple subgroups.

On the other hand, CRISPR-based lineage tracing data has one feature which makes it more
amenable to step-wise (rather than probabilistic) reconstruction strategies—the starting state of each

target, i.e. unedited, is known. Given this, it is at least theoretically possible to employ a divisive,

greedy approach described below to build a highly accurate tree (Figure 3.1c,d).
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3.2 PROPOSED RECONSTRUCTION ALGORITHM

In the proposed algorithm, all cells begin as a single group, which is split into two groups based
on the presence vs. absence of the most common editing pattern associated with a single target.
This edit is inferred by its frequency to have occurred earlier than other edits in cells belonging to
the group. This splitting step is iterated on each sub-group, and each sub-sub-group, etc.,
terminating when all unique lineage profiles are represented by individual branches. Subsequently,
unsupported bifurcations (those wherein a branch is not defined by a specific editing event(s)) are

collapsed, such that more than two branches can arise from a single inferred ancestor.

The success of this approach is dependent upon two important assumptions: erroneous or missing
data is minimal, and convergence events—two or more identical edits occurring independently at a
single target site—are rare. We thus set out to optimize the dataset to better fit these assumptions.
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Figure 3.1. Cell lineage tree reconstruction algorithm.

(a) Visualization of cell lineage profiles. Each unique editing pattern is assigned a unique color.

(b) Preprocessing of lineage data. Missing data are imputed from nearest neighbors and pairwise
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similarity scores are computed from corrected lineage profiles. Similarity scores are used to
generate a hierarchically clustered tree, grouping related cells. This tree is subdivided into groups
of related cells and consensus lineage profiles are generated for each lineage group. The consensus
profiles are then used to reconstruct a preliminary cell lineage tree via a greedy approach. (¢,d)
Summary and example of a greedy approach to reconstruct a cell lineage tree. This greedy
approach can be performed iteratively on groups of cells within a lineage group to generate a tree

with individual cells at the leaves.
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3.2.1 Mitigating sequencing errors and inferring missing data

Sources of erroneous data include PCR and sequencing errors within the target, where a single
mismatch in the 70bp (unedited) amplicon would instead appear as a distinct edit. Defining edits
is further complicated by the fact that an edit containing both deleted and inserted bases can appear
discontinuous when aligned to the reference sequence (e.g. see examples within alignments shown
in Figure 2.5a). To mitigate errors and misalignments, we required that an edit had to begin within
4 bases of the CRISPR cut site, and that all discontinuous segments be within a maximum of 4
bases from each other (Methods). To address missing data, we first defined a similarity metric
between cells based on shared edits and used it to identify a set of nearest neighbors for each cell.
We then imputed missing and ambiguous edits from these nearest neighbors (Methods). Individual
cell lineage profiles for a group of closely related cells with missing and ambiguous data shown

(black and red boxes, respectively) are plotted in Figure 3.2a.

3.2.2  Mitigating molecular cross-talk between cells during single cell processing

An additional source of error arises from cross-talk between cellular and target indices during PCR
amplification, such that a target sequence derived from one cell becomes associated with the
profile of another. A single such error might place a cell far from its true lineage via the algorithm
described above. However, although these events are undetectable at the single cell level, they are
often obvious when examining groups of closely related cells. To take advantage of this, we sought
to pool closely related cells, infer a “consensus” lineage profile for each group (encompassing edits
shared by the majority of the group), and generate a preliminary tree of these consensus profiles,
such that cells with “contaminating” target sequences would be retained in the group via overall

proximity to their neighbors. To identify groups of closely related cells, we again calculated all
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pairwise similarity scores, and used these as input for hierarchical clustering using Ward's method.
We visually determined the number of clusters into which to subdivide cells, using plots such as
the one in Figure 3.2a (right), and computationally inferred a consensus profile for each group. In
some cases, where we could explain why an edit did not reach the needed majority for inclusion,
automatically inferred consensus profiles were manually corrected (Methods). Finally, we applied
the algorithm above to the consensus profiles, generating a lineage tree of subgroups of closely

related cells.

Since cells within each subgroup contain additional edits beyond the shared edits shown in the
"consensus" profile, one can in theory iteratively apply this set of steps to each subgroup, and
concatenate the resulting subtrees to derive a single cell-resolved lineage tree. Since our
downstream intended application involved comparing pooled expression and chromatin
accessibility profiles from groups of closely related cells, and we found that particularly small
lineage groups were too noisy for meaningful gene expression and chromatin accessibility

analysis, we performed such iterative subdivisions for only a subset of the groups.

3.3  BUILDING A LINEAGE TREE FROM OUR DATA

For several reasons, we generated an initial tree using only about a quarter of the filtered cells (n
= 2,419). First, the hierarchical clustering algorithm used for initial subgrouping has O(n®) run
time. Second, as described in the previous section, two out of eight batches (1 & 3, Figure 2.4)
exhibited the most complete lineage profiles, and we reasoned that these would generate the
most accurate cell lineage groups into which the remaining cells could be placed via a nearest

neighbors approach. Provided that the terminal lineage groups we generate are large enough, we
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can assume close cell relatives of every cell in the dataset are present within this subset of the
overall data. Including all cells, the final tree used for downstream analyses contained 42 lineage

groups, ranging in size from 34 to 1217 cells (Figure 3.2).

This iterative approach of building and concatenating subtrees from root to tip mitigates the
probability that recurrent editing patterns at individual targets grossly impact tree structure. For
example, if the same edit occurred in two cells independently at target #2, and if one of these
events occurred early enough to define an early bifurcation, all descendants of the other cell
would be misplaced early during tree reconstruction when employing a greedy approach.
However, initial subgrouping of cells based on the full set of edits they contain prevents this
problem when at least one of the edits occurs late enough that it does not define the group as part

of its "consensus" lineage profile.

Nevertheless, CNAs inferred from expression data occurring over the course of this experiment
(discussed in detail in the next section) signaled the presence of two convergence events within
lineage data impacting our tree structure. In each case, the convergence events were mediated by
a very common editing pattern (Figure 2.5a), and we manually resolved these events to come to
the tree structure shown in Figure 3.2 (Methods). However, it should be emphasized that with
the exception of these two manual changes, the tree shown in Figure 3.2 was reconstructed solely

from lineage profiles, i.e. expression data was not used for lineage inference.
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Figure 3.2. Reconstructed lineage tree.
Left: Tree of cell lineage groups (""consensus" editing patterns shown as rows; each column
represents a unique target site). Each color represents a unique editing pattern. White: unedited
target. Black: targets with missing data for a majority of cells in the group. Number of cells
represented by each consensus cell is shown. Inset (right) shows the editing patterns for all 100

cells assigned to lineage group #24. Black: missing targets. Red: ambiguous targets.
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Chapter 4. EVALUATING LINEAGE-ASSOCIATED DIFFERENTIAL

EXPRESSION

4.1 CHROMOSOME COPY NUMBER ALTERATIONS INFERRED FROM SCI-RNA-SEQ

RECAPITULATE THE LINEAGE-INFERRED TREE STRUCTURE

We reasoned that heritable variation in gene expression patterns should visually correlate with tree
structure, whereas non-heritable variation should not (Figure 1.1a). To explore this, we aggregated
single cell expression profiles within each of the 42 groups described above, and plotted relative
group expression as a heatmap (Figure 4.1). Unexpectedly, when genes were arranged by their
genomic location, we observed large, continuous stretches of down- or upregulated genes, strong
evidence of partial or full chromosomal gain or loss events. HEK293s are pseudotriploid and
known to be karyotypically unstable, and an active CRISPR/Cas9 system may also contribute to

instability (Y.-C. Lin et al., 2014).

As CNAs are themselves heritable genomic events, we saw an opportunity to use them to validate
our CRISPR-inferred tree structure. Strikingly, where present, CNAs were generally concordant
with the tree structure inferred from lineage data. In particular, with the exception of full
chromosome gains or losses, most CNAs appear to have arisen from a single founder event (Figure
4.1). As described in the previous section and Methods, on two occasions, CNAs were used to
resolve ambiguity in the lineage data due to convergence events. However, the remaining CNAs
shown in Figure 4.1 were not used for lineage reconstruction and, importantly, we observed no

instances of CNAs contradicting CRISPR-derived lineage relationships.
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Figure 4.1. Gene expression in lineage groups arranged by genomic location.

Heatmap shows log2-fold gene expression variation relative to the mean expression of each gene
across cells. Genes are shown in the order in which they appear along chromosomes in the
reference human genome. Log2 fold changes >1 & -1 were manually fixed at these maximum and
minimum values for visualization. A minimum mean expression cutoff was applied to remove
lowly-expressed genes, leaving 6,241 genes. Green shading of the boxes containing lineage group

numbers at the tree leaves is based on the log-scale number of cells per group.
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4.2 ALLELIC RATIOS FURTHER INFORM CHROMOSOME COPY NUMBER DYNAMICS

ACROSS LINEAGES

4.2.1 A method to infer allelic ratios from sci-RNA-seq data

We next wondered whether we could use lineage-resolved expression data to investigate allele-
specific copy number dynamics. Indeed, although we made no direct measurement of copy
number, we found that in many cases we could infer copy number based on SNP ratios in sci-
RNA-seq data (Figure 4.2a). For example, if a chromosome shows heterozygosity at known SNPs,
and we observe allelic ratios of 1:2 across these positions, this chromosome is likely to be present
in three copies, while a 1:1 allelic ratio would suggest two or four copies, and a 1:3 allelic ratio
would suggest four copies. On the other hand, a paucity of SNPs would suggest regional or
chromosome-wide loss-of-heterozygosity, in which case copy number could not be inferred by

this method.

We first performed such an analysis on each chromosome using expression data from all cells.
Since each genomic position is represented sparsely in sc-RNA-seq data, we divided the genome
into SMDb bins, identified coordinates which appeared to be heterozygous in our data (most frequent
base present at in <85% of reads), subsetted these to include only those positions which overlapped
known human SNPs (i.e. those appearing in dbSNP), and combined counts for SNPs within each
5Mb bin. For this last step, because phasing information was not available, we simply assumed the
more abundant alleles at each SNP within a bin were on the same haplotype for binning purposes
(as would be expected if homologs existed in unbalanced ratios, at least provided counts are
sufficiently high). We then calculated a "major" (most abundant) allele frequency for each bin and

plotted these by relative genomic position (Figure 4.2a,b). Figure 4.2a shows several examples of
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this approach for chromosomes with stable copy number in our dataset, revealing there to be 3
copies of chr19, 4 copies of chr18, and 2 or 4 copies of chr17. Of note, because our heuristic always
places the most abundant allele on the same haplotype, we expect a major allele frequency above
1/2 for cases where haplotypes exist in equal copies, e.g. as we infer for chr17. On the other hand,
chr14 exhibited very low overall heterozygosity at known SNPs together with an unstable ratio,
suggesting loss-of-heterozygosity. Consistent with this prediction, the "minor" alleles inferred in
chr14 and other chromosomes which exhibit this unstable pattern (Figure 4.3a) often do not match
known variants founds in the human population , in contrast with inferred minor alleles in
chromosomes exhibiting heterozygosity (Figure 4.3b). Major allele frequency plots for all

chromosomes are shown in Figure 4.3a.
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(a) A strategy to infer copy number using SNPs from sc-RNA-seq data. First, haplotypic imbalance

is assumed and haplotypes are inferred based on base abundance at known SNPs, using all cells.

We can then use these to infer the ancestral (or most observed) copy number. Using these

haplotypes, we can perform this analysis on subsets of the tree to infer whole or partial

chromosome gains or losses. (b) Copy number analysis described in panel a for chr19, chrl§,

chrl7, & chrl4, using all cells. Point fill color represents the number of SNPs found to be

heterozygous in that bin, signaling the reliability of this analysis at that location. Yellow line shows

the centromere position.
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(a) Analysis described in Figure 5a-b, performed on all cells for all chromosomes. Point fill color
represents the number of SNPs found to be heterozygous in that bin, signaling the reliability of
this analysis at that location. Yellow line indicates the centromere position. (b) Percent of inferred
major and minor alleles at variable positions in the data (filtered as described in Figure 4.2a) which
match SNP bases found in humans at those positions (dbSNPs). For simplicity, only single-base

SNPs with at most two common alleles in the population were considered.
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4.2.2  Inferring lineage-informed allele dynamics

We next applied this approach to subgroups of the tree to investigate copy number dynamics during
the monoclonal expansion. For example, this analysis revealed a partial loss of an extra copy of
the short arm of chr3 impacting only a subgroup of related cells (Figure 4.4a, left panel). Of note,
the inferred breakpoint is slightly shifted from the centromere, such that several genes on the short
arm are retained. We calculated a binned major allele frequency for the subgroups indicated in
Figure 4.4a (left panel), using the major haplotypes we inferred from all cells (Figure 4.4a, right
panel). Subgroup copy number analysis (Figure 4.4a, right panel) of groups 1-9 (top, purple) agrees
with the predicted ancestral state, whereas the major allele frequency in groups 10-19 has dropped
between 1/2 & 2/3 across the whole chromosome. Since heterozygosity appears preserved on the
left arm, we infer that the partial chromosome (i.e. a copy of the short arm of chr3) was lost in

groups 10-19, relative to the ancestral state.

A similar analysis suggested more complex copy number dynamics for chrl1, for which multiple
full and partial chromosome copy number changes appear to occur at different parts of the lineage
(Figure 4.4b, left panel). Performing a subgroup analysis, we observe a pattern consistent with at
least three independent full chromosomal losses (Figure 4.4b, middle panel). Intriguingly, these
result in different allelic ratios, with loss-of-heterozygosity in two groups (Figure 4.4b, green &
blue), and maintained heterozygosity in one (beige). Overall, these analyses highlight the potential
of high-resolution, progressive lineage histories to disambiguate copy number alterations,

including but not limited to recurrent gains and losses.
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Figure 4.4. Lineage-resolved allelic ratios inform complex chromosome copy number

dynamics.

(a) Subgroup copy number analysis of chr3. Left: expression heatmap as described in Figure 4.1.
Middle: Copy number analysis of chr3 for indicated subgroups. Right: schematic of inferred
haplotype dynamics. Point fill color represents the number of observed heterozygous SNPs per bin
detected when pooling all cells, not just subgroup cells. Yellow line shows the centromere position.
(b) Subgroup copy number analysis of chrl1. Left: expression heatmap as described in Figure 4.

Middle: Copy number analysis of chrll for indicated subgroups. Right: Schematic of inferred
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haplotype dynamics. Point fill color represents the number of observed heterozygous SNPs per bin

detected when pooling all cells, not just subgroup cells. Yellow line shows the centromere position.
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4.3  HERITABLE EXPRESSION CHANGES UNEXPLAINED BY CNAS ARE OBSERVED

THROUGHOUT THE TREE

Within genomic regions exhibiting large-scale CNAs, copy number change is the obvious

mechanism for differential expression of genes in the impacted region. But other phenomena——

e.g. epigenetic changes, changes in the levels of upstream regulators, focal CNAs and

translocations—might induce heritable expression changes as well. To explore contributions from

such sources, we set out to systematically identify examples of heritable expression variation

across the tree that were not obviously explained by CNAs.

4.3.1 A permutation-based approach for differential expression analysis

To this end, we first inferred the boundaries of CNA events between every pair of sister branches
(defined as those that share an immediate common ancestor in the tree) using a combination of
expression heatmaps (as shown in Figure 4.1, Figure 4.8a), and pairwise log-fold change plots,
where stretches of differential expressed (DE) genes are visible (Figure 4.6d; Figure 4.9). We then
sought to evaluate DE between every pair of sister branches, using DE within CNAs as ground
truth for sensitivity. Applying DEseq2, which models data as a negative binomial distribution, we

observed a substantial number of false negatives—genes within CNAs which were not detected as
DE-even between large groups of cells (Figure 4.6a, top panel; Figure 4.7a). We thus sought to

develop a strategy which would be sensitive to small-magnitude expression changes, while also
being robust to large differences in the number of cells between the groups being compared (Figure
4.5a; Methods). As a first step, cells from each pair of sister branches are permuted 10,000 times,
in each instance creating two groups of the original sizes. For each permuted set, we calculate the

log2-fold change for each gene. We then use permuted expression ratios to (a) generate an expected
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distribution which we can use to calculate a z-score associated with the observed fold change; and
(b) rank against the observed expression ratio to assign significance. For a set of genes evaluated
for a pair of groups, if none are significantly DE, the distribution of observed ranks is expected to
be uniformly distributed; on the other hand, if there are DE genes, we expect to observe their
enrichment at the extremes of the rank list. Using an FDR of 5%, we can calculate a set of

"significant" ranks (and thus genes) for each pair of groups being compared.

Observed Permuted
1 2 10,000
L = L2 1000
sistér (B T~ [eof) (euialieass et
branchkes/*: o) o8 e i e
\ 00| |e6eiieegl ieee
e% P 1 09%0 g ‘0%e@
0e® i 0e® ! _0g®: i 0 o®
°e% 0909 0g%: :0g_@
*e% o0 ®e’si | ®4"e: Observed
""""""""""""""""""""" rank
genel [ ] 29

O L]
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z-score ;E E} \
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Figure 4.5. A permutation-based approach for detecting heritable differential expression

within lineage-resolved sci-RNA-seq data
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4.3.2  Evaluating the permutation-based approach to detect differential expression across the

lineage tree

This permutation strategy detected a substantial fraction of genes within CNA regions as
differentially expressed (Figure 4.6a,b; Figure 4.10). Genes within CNAs across all pairwise
comparisons were more likely to be identified by our approach, with lowly-expressed genes within
CNAs more likely to be missed by DESeq2 (Figure 4.7a; Figure 4.10). For example, between
groups A & B, 85% of expressed genes (see Methods for filtering criteria) within the CNA region
on chromosome 3 were identified as DE using our approach, compared with 49% detected by
DESeq2 (Figure 4.7a; Figure 4.10). Unless otherwise stated, here we will refer to DE genes as

those identified by the permutation approach at an FDR of 5%.

As expected, statistical power decreases with group size, but we nonetheless detected some DE
genes within CNAs even between smaller groups (Figure 4.6d; comparisons G/H; J/K). For
example, between group J & K (as labeled in Figure 4.6d), containing 234 and 276 cells,
respectively, we detect a subset of CNA-associated genes across several chromosomes (Figure
4.9a), including TRIO, SRPK2, & FGF'13 (log2-fold changes of -.22, .36, & -.59, respectively).
The allelic chromosome copy number analysis presented in Figure 4.2 suggests a copy number
change from 4 to 5 on chr5 (TRIO) & from 3 to 2 on chr7 (SRPK?2) between these two groups.
Since no heterozygosity is observed on chrX, and thus we cannot infer absolute copy number

change for FGF13.

In total, across 66 pairwise comparisons, we detected 11,454 DE genes using the permutation
approach. Of these, 4,810 (42%) were detected using DESeq2, which detected an additional 520

genes not detected by our approach (Figure 4.6b; Figure 4.10). Surprisingly, 48% of DE genes
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detected by permutation analysis could not be directly explained by large-scale CNAs (Figure
4.10). The heritable nature of these expression changes may be a product of smaller scale copy
number changes , focal genetic or epigenetic differences, or frans-effects mediated by heritable
events elsewhere in the genome (e.g. CNAs or other). Interestingly, when quantified by sister
branch pair comparisons, the number of DE genes that we detected outside CNA regions was well
correlated with the number of genes within CNAs (Pearson's r of log-transformed numbers of
genes within vs. outside of CNAs = .90, Figure 4.6¢), suggesting CNA-mediated expression
changes might contribute to heritable gene expression variation through frans-acting effects.
However, this relationship may largely be explained by the increased statistical power to detect
DE genes in larger groups (Pearson's r of log-transformed number of genes outside of CNAs vs.

group size = .76, Figure 4.6¢; Figure 4.7b).
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(a) Comparison of DE genes identified by the permutation method and/or DESeq2, showing log2-

fold change expression on chr3 between indicated groups A & B. Yellow bar indicates centromere

position. (b) Relationship between the log-scale number of detected DE genes within CNAs and

DE gene falling in non-CNA regions per each sister pair comparison. Size of points represents the

mean number of cells in the sister pair. (¢) Number of DE genes identified using permutations,

DESeq2, or both, across every pairwise comparison (66 total) of sister lineage groups (i.e. branches

sharing an immediate common ancestor in the tree). (d) Left: Heatmaps as described in Figure 4.1

depicting CNAs on chrs 5,6,10, & X, with lineage groups indicated on tree. Right: Log2-fold

changes of genes on indicated chromosomes between indicated groups, depicting the power to

detect DE genes within CNA regions via the permutation approach across groups of different sizes.
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4.3.3 Lineage-associated differential expression which cannot be explained by copy number

changes: notable examples

The most striking heritable expression change which cannot be explained by an obvious CNA was
observed in GRIA1, a glutamate receptor subunit on chr5 (Figure 4.8, z-score = 28.2, log2 fold-
change (FC) = 3.32, between the indicated groups). Markedly elevated expression is observed in
lineage groups 11-15 relative to the rest of the tree (with elevated expression in group 16 likely
due to misplaced cells). Though we cannot conclusively determine from this data alone whether
this expression change is caused by genetic (e.g. focal amplification) or epigenetic factors, it is
notable that GRIAI is located in a replication transition zone in various cell lines, potentially
predisposing it to structural instability (Watanabe et al., 2014). Additional examples of genes
exhibiting differential gene expression patterns that track closely with the lineage-derived tree

structure appear throughout the tree (Figure 4.9b).

Another intriguing example, where multiple expression levels appear to have been stably inherited
is observed in CSMD3, on chr8 (Figure 4.8). Group B expression is markedly elevated over its
sister group A (A/B z-score = -7.30, log2FC = -0.57), while in the branch encompassing both
groups A & B, CSMD3 is even more highly expressed relative to group C (A&B/C z-score = 27.8,
log2FC = 2.02). A weaker, but similarly heritable relationship appears between groups D & E (z-
score = 3.8, 10g2FC = 0.34). Such a heritable but labile expression pattern might indicate flexible
but relatively stable regulation at this locus. Interestingly, such graded but clone-specific
expression patterns were observed with cell type groups in both Apoe and Lmo4 in mouse neurons
(Mold et al., 2022). Alternatively, this lability might be explained by local genomic instability. In
fact, translocations at a breakpoint near CSMD3 have been associated with autism in multiple de

novo cases (Floris et al., 2008), and the CSMD3 locus is implicated in a wide range of diseases
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including epilepsy & non-small cell lung carcinoma (Floris et al., 2008; P. Liu et al., 2012; Shimizu
et al., 2003). CNAs are particularly common in branch C (Figure 4.1), bolstering the likelihood

that a translocation event explains reduced expression in that group.

Even within CNAs, we observe single gene expression changes which deviate strongly from the
expected copy number ratios. An intriguing example is the transcript AC090518. 1, which normally
exhibits testis-specific expression, and is located within a short stretch of genes with modestly
elevated expression on chrl5 consistent with a CNA (Figure 4.8b,c; AC090518.1 is located
between MNSI & ZNF280D). This transcript's markedly increased expression well beyond that of
its neighbors (log2-fold change (A/B) = -3.82, A/B z-score = -28.67), points to a possible
translocation (or tandem duplication) event, exposing it to a new regulatory context. Chromosomal
rearrangements are a hallmark of cancer progression, and tracking such small-scale events may
reveal the mechanism behind biologically-meaningful expression changes. The genes GNGT1,
Coorfl4, and NEATI, all lie within CNA regions but show heritable expression changes in the
opposite direction of surrounding genes (z-scores -7.40, -4.10, -8.84, respectively, Figure 4.8c).
Such patterns may indicate expression compensation or selection for particular expression levels.
In fact, both GNGT1 & C6orfi41 have been associated with cancer prognosis (C.-M. Yang et al.,
2019; J.-J. Zhang et al., 2021), with C6orf141 playing a direct role in cell proliferation. GNGT1
was designated a hub gene in non-small-cell lung cancer, suggesting its misexpression may have
widespread downstream consequences which would also appear heritable. NEATI, a long non-
coding RNA with a known epigenetic role in a variety of cell types, may also stably modify

expression of multiple downstream target genes (Wang et al., 2020).
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Here, lineage relationships enabled us to identify stably-inherited expression changes which may
not otherwise be obvious among non-heritable expression fluctuations. In most cases, however, it
is not possible with this data alone to determine the mechanistic basis for this differential gene
expression (e.g. cis-genetic, trans-genetic vs. epigenetic). We next sought to distinguish between
these possibilities by additionally tethering chromatin accessibility information to this same

lineage tree.
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Figure 4.8. Non CNA-mediated heritable differential expression: notable examples

(a) Heatmaps showing DE expression of GRIAI, CSMD3, AC090518.1, and surrounding genes.
(b) Pileup visualizations of GRIA1, CSMD3, AC090518.1 in groups indicated on the trees in panel
a. AC090518.1 is positioned between MNSI & ZNF280D. (¢) DE genes showing heritable
expression patterns which cannot be explained by detected CNAs. The pair of groups being
compared for each plot is indicated on the bottom right, with groups indicated on the trees in panel

a (except for top-right sub-panel, for which pair of groups is shown in inset tree).
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Figure 4.9 Differentially expressed genes within and outside of detected CNAs observed

across sister lineage group comparisons.

(a) DE genes detected within CNA regions on chrs 5, 7, and X, between the indicated groups (234

and 276 cells, respectively). (b) Heatmaps showing single genes (middle of each plot) which
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exhibit heritable expression patterns consistent with the tree structure. Surrounding genes are not
DE, suggesting these patterns are not due to CNAs, although we cannot rule out highly focal

amplifications with gene expression data alone.
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Figure 4.10 Global DE between select pairs of sister groups

Log2-fold change for expressed genes across all chromosomes between select pairs of sister

lineage groups. Groups that are compared in each plot are indicated on the trees at the left with
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green and purple boxes. Colors indicate by which method (if any) a gene was found to be

differentially expressed. Inferred CNAs are shown as light green boxes.
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Chapter 5. COLLECTING LINEAGE DATA ALONGSIDE SINGLE
CELL CHROMATIN ACCESSIBILITY TO
EVALUATE SOURCES OF HERITABLE
DIFFERENTIAL EXPRESSION

5.1 COLLECTING LINEAGE INFORMATION ALONGSIDE SINGLE CELL CHROMATIN
ACCESSIBILITY PROFILES ENABLES TETHERING OF GENE EXPRESSION AND

CHROMATIN ACCESSIBILITY

5.1.1 A4 novel method for collecting lineage information alongside single cell chromatin

accessibility profiles

Both genetic and epigenetic phenomena can potentially underlie what we observe as heritable
expression changes, and measuring expression alone is often not sufficient to disentangle these
from one another. Coassays of single cell expression and chromatin accessibility may provide
more insight, but contemporary methods result in relatively sparse profiling in any given cell.
However, since heritable states are presumably shared by cells with similar lineage histories, we
can theoretically measure these features independently in clonally related cells and link them
retrospectively based on lineage relationships (Figure 5.2a). Furthermore, pooling of single cell
chromatin accessibility profiles of closely related cells, as we did with expression profiles,
increases the power to detect changes. To this end, we developed a method to capture lineage-
associated transcripts alongside sci-ATAC-seq (Cusanovich et al., 2015, 2018), i.e. to concurrently
profile single cell lineage relationships and chromatin accessibility states (Figure 5.1). sci-ATAC-
seq is a pool-split approach where genetic material undergoes two rounds of molecular indexing,

such that DNA from each cell is ultimately associated with a unique pair of indexes. To associate
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lineage information with sci-ATAC-seq profiles, we devised a strategy to concurrently index
mRNA transcripts containing recorded lineage information at each sci-ATAC-seq indexing round,
via reverse transcription and PCR, such that both features can be retroactively linked to a single

cell via index combinations (Figure 5.1; Methods).
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5.1.2  Tethering chromatin accessibility and expression profiles via lineage information

We applied this method to the remaining cells from the lineage/expression capture experiment,
and filtered cells to those for which we collected both chromatin accessibility profiles and suitable
lineage information. Since a lineage tree has already been built, lineage profiles captured alongside
sci-ATAC-seq need only be complete enough to accurately place them into existing lineage
groups. Keeping cells with at least 5 captured targets of which at least one was edited, with more
unambiguous than ambiguous editing events (the latter likely representing doublets), we retained
12160 cells with lineage information. In this group of cells, a median of 20 unique targets were
captured per cell (Figure 5.3b). We next filtered on chromatin accessibility profiles. Chromatin
fragment lengths exhibited the expected nucleosomal peaks (Figure 5.3a), and filtering on UMI
counts yielded a total of 9014 cells (median non-mitochondrial UMI count: 1601; mean UMI

count: 6491; minimum 32 UMIs, Figure 5.3a).

To place these cells into existing clonal groups, we first computed a weighted similarity score
based on lineage profiles for each ATAC-associated cell with each RNA-associated cell. We then
placed cells into existing groups based on nearest neighbors (Figure 5.2a). Encouragingly, the
relative group sizes of ATAC-associated cells correlated well with the original group sizes (Figure
5.3c). Moreover, lineage profiles collected alongside accessibility were visually consistent with
those collected alongside expression within tethered groups (Figure 5.2b). Together, these data
suggest that cells were accurately placed into lineage groups, and thus we can expect analogous

heritable states to be reflected in expression and accessibility measurements within a group.
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Figure 5.2. Tethering chromatin accessibility and expression profiles via lineage information.

(a) Schematic depicting how expression (sci-RNA-seq) and accessibility (sci-ATAC-seq) are
linked via lineage information. Lineage-traced cells are split in half, and lineage profiles are
captured separately alongside each single cell feature. A lineage tree was reconstructed from cells
with concurrently profiled expression, and lineage profiles of cells with concurrent accessibility
profiling were used to place cells into previously defined lineage groups via nearest neighbors.
The relationship between expression and accessibility of closely related cells could then be
evaluated. (b) Lineage profiles of individual cells within four clonally related groups collected

alongside either sci-RNA-seq or sci-ATAC-seq.
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Figure 5.3. Evaluating linked chromatin accessibility and lineage profiles.

(a) Histogram of sci-ATAC-seq fragment lengths across all cells (left) and a boxplot of sci-ATAC-
seq reads per cell (right). (b) Histogram of the number of targets captured per cell included in the
analysis. (¢) Correlation of group sizes collected along sci-RNA-seq and sci-ATAC-seq. Each
point represents a single lineage group. Group sizes were normalized to a total cell count of 10,000

for each feature.
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5.2 USING LINEAGE-TETHERED CHROMATIN ACCESSIBILITY AND EXPRESSION

PROFILES TO INVESTIGATE MECHANISM OF HERITABLE EXPRESSION

5.2.1 Using lineage-associated chromatin data to infer small copy number changes likely

mediating differential expression

Although sci-ATAC-seq is primarily used to measure local chromatin accessibility changes, copy
number changes should also be apparent since they affect the amount of DNA available for
tagmentation. Thus, if paired expression and accessibility measurements truly capture closely
related cells, CNAs observed in expression data should also appear in accessibility data. To
visually evaluate CNA concordance, we quantified relative sci-ATAC-seq read counts across IMB
windows of the genome for each lineage group and generated heatmaps analogous to those shown
in Figure 4.1. Indeed, we observed striking agreement in CNA patterns between expression and
accessibility data (Figure 5.4a), further confirming lineage profiles do link close cell relatives. To
determine if CNAs were measurable in accessibility data at the gene level, we evaluated
accessibility within gene bodies, including Skb upstream of the TSS, once again using the
permutation strategy described in Figure 4.5. We found that within CNAs, RNA and ATAC z-
scores are strongly correlated at genes which are DE, DA, or both (Pearson's r = .73, Figure 5.4c,
left panel), while much more limited correlation is observed outside of CNA regions (Pearson's r

= .16, Figure 5.4c, right panels).

Since copy number differences are often observable at the gene level in ATAC data, we wondered
if we could use gene body accessibility outside of large CNAs to identify genes whose DE status

is likely due to small genomic amplifications or deletions, affecting one or a few genes. Correlated
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DE and DA status may alternatively indicate a regulatory change, but such DA is more likely to
be promoter-specific; in this case, we would expect a higher promoter-specific signal, while
evaluating DA across the whole gene body could dampen such localized signal (Nair et al., 2021).
21 genes outside of CNAs are both DE and DA (Figure 5.4c, middle panel), making them good

candidates for residing in short CNAs. In fact, three of these~MREG, PECR, XRCC5——are adjacent

genes on chr2, with higher expression in group B relative to group A, despite similar expression
outside of this region (Figure 5.4b; Figure 5.5a). This pattern strongly suggests that a focal
amplification occurred at this locus, explaining the increase in transcript abundance. Similarly,
AC016205.1 on chrl8 & TAFI on chrX are both DE and DA between the groups indicated in
Figure 5.4b, and also appear within short stretches of genes with elevated expression. A pileup of
ATAC data, showing the positions of TnS5 insertions across TAF'1, shows elevated signal across
the whole gene body as well as the neighboring gene OGT, validating our prediction. A small CNA
is also likely on chr3, where elevated expression is observed in DA gene SERPINII and nearby
PDCDI0 (Figure 5.4b; Figure 5.5a, SERPINII does not appear on the heatmap due to low
expression level.). Although PDCD10 is not significantly DA by our metrics, it lies in the vicinity
of genes which are (Figure 5.4c, middle panel). Pileup of ATAC reads in this region supports this
prediction, with denser coverage of reads across the gene body of SERPINII in group B (Figure
5.5a, right panel). These data suggest that paired expression and accessibility data can help identify

small copy number changes.

5.2.2  Evaluating sources of differential expression unlikely to be mediated by copy number

changes

We next sought to use accessibility data to identify genes whose expression changes are unlikely

to be mediated by copy number changes. If a heritable expression change is triggered by a simple
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gene copy number change, we expect a linear fold-change concordance between expression and
gene body accessibility. If, on the other hand, an expression change is due to other factors, such as
abundance of an upstream regulator or change in its regulatory context, these features are not
necessarily expected to be linearly correlated. Though log2-fold changes at single genes between
variable size groups are inherently noisy, especially in ATAC data, outlier DE genes are especially
likely candidates for non-copy number mediated heritable states. We thus further inspected several
such outliers, where expression change greatly exceeds accessibility change (Figure 5.4d).
Between groups A & B as indicated in Figure 5.4d, the expression change in GRIAI is 19 times
greater than its gene body accessibility change (RNA log2-fold change = -6.04; ATAC log2-fold
change =-.32), suggesting genomic amplification is very unlikely to be the cause of this expression
change. Similarly, the expression changes observed in BCKDHB, CDH12, and ADGRB3 (Figure
5.4e, Figure 5.5b,c) between the indicated groups greatly exceed gene body accessibility changes
(log2-fold change shown in figure or legend). The absence of significant accessibility change in
BCKDHB in particular allows us to rule out a focal amplification of the 3' end of the gene as an
explanation for high RNA read coverage specifically in that region in groups E & F (Figure 5.4e).

A more likely explanation is that a different transcription termination site was used.

Beyond copy number changes, heritable changes in accessibility at regulatory regions would signal
an epigenetic origin to expression variation. We thus identified peaks in ATAC data, both in the
entire dataset as well as in lineage-specific subgroups internal to the tree, and looked for DA peaks
within 5kb of TSSs or within the gene body between every pair of sister groups near genes found
to be DE. We did not observe any DA peaks in these regions. Consistent with this, Kiani et al.

recently showed that accessibility and expression changes are not well correlated in single gene
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perturbation experiments (Kiani et al., 2022). Others have observed a similar lack of concordance

between accessibility changes and expression level (Hota et al., 2020; Y. Zhang et al., 2020).

Together, these data illustrate the potential of lineage-based coupling of expression and
accessibility data to help distinguish between potential mechanistic explanations for heritable

expression changes.
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Figure 5.4. Investigating sources of heterogeneity using chromatin accessibility and

expression profiles tethered by lineage information.

(a) Heatmaps showing the relative expression (RNA) and accessibility (ATAC) across the 42
lineage groups, calculated for each gene (RNA), and for each IMB bin (ATAC) for five selected

chromosomes. Genes & bins are ordered by their chromosomal position. Dashed boxes indicate
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chromosomal regions with visually consistent copy number changes across the tree. (b) Heatmaps
showing relative expression for a subset of genes which are both DE and DA, and including 10
positionally adjacent genes on either side. Associated RNA & ATAC read pileups are shown in
Figure 5.5a. (¢) Left: Relationship between expression and accessibility changes evaluated within
gene bodies plus 5kb upstream of the TSS, calculated using the permutation approach described
in Figure 4.5. Only genes within CNAs are shown. Each point represents an
expression/accessibility change at a single gene for a pair of sister lineage groups (and thus a gene
may be represented more than once). Points are colored by their DE and DA status. Middle:
Analogous to the left plot, except including only genes outside of CNAs. Labeled genes are
referenced in the text. Right: Overlay of left and middle plots. 10 outlier genes, where noise was
likely due to low expression/accessibility, were removed from the middle and right plots. (d)
Relationship between RNA and ATAC log2-fold change (as opposed to z-score). Each point
represents an expression/accessibility change at a single gene for a pair of sister lineage groups
(and thus a gene may be represented more than once). Outliers discussed in the text are labeled
with gene name and pair of sister groups as indicated on the tree. Because small groups result in
noisy data, comparisons involving at least one small group (<100 cells) were removed. An
expression cut-off was also applied to reduce visual noise, leaving the 45% of comparisons with
the highest expression. (e) Left: Heatmap of relative expression of BCKDHB and surrounding
genes, respectively. Right: Pileup of expression and chromatin accessibility data for the indicated
groups (as labeled on tree in panel d). Log2-fold change between groups F&G: 1.18 (RNA), -0.06

(ATAC); groups L&N: 1.13 (RNA), -0.12(ATAC).
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Figure 5.5. Investigating sources of heterogeneity using chromatin accessibility and
expression profiles tethered by lineage information (continued).

(a) Read pileups for RNA (top) and ATAC (bottom) data for the lineage groups and genes
indicated on the tree. Associated heat maps shown in Figure 5.4b. (b) Left: Heatmap of relative
expression of CDHI2 and surrounding genes Right: Pileup of expression and chromatin
accessibility data for the indicated groups (as labeled on tree in Figure 5.4b) at the CDH12 locus.

(¢) Same as panel b, but for ADGRB3.
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Chapter 6. MATERIALS & METHODS

6.1 EXPERIMENTAL METHODS: LINEAGE RECORDING

6.1.1 CRISPR lentiviral target construct & Cas9 construct generation

Target/sgRNA construct: In order to integrate CRISPR targets and sgRNAs into the genome, we

modified the CROPseq vector (Datlinger et al., 2017) (Addgene ID 86708), which expresses an

sgRNA and a Polll transcript. We integrated a CRISPR target construct after the WPRE, such that
it is expressed off the Polll promoter (sequence and location shown below). Target constructs were
identical except for a unique 10bp barcode. sgRNAs matched the targets and were thus identical
across all uniquely-barcoded constructs. A primer binding site was placed 35bp upstream of the
CRISPR cut site, such that the target accommodates a 70bp deletion. The sequencing and
computational processing scheme enables capture of insertions of >105 bp. (see Computational

processing and edit calling from lineage target sequencing data))

Target insert:
TCCAAGCTCCATAGGTCCAACTCAAGCTTAGTTCCTATACTGATTCCAAGCCATGGT
ACCATAGCAGATGATCCATTTAGAGCCTGGCTGGTCTCCTGGGAGGTCAACCTTGGA

GACTAAGACCTTACG

gRNA binding site

Forward primer binding site

Position of insertion after WPRE between sequences shown:
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TCCCCGCGTCGACTT[INSERTION SITE]TAAGACCAATGACTT

Primer binding sites:
Forward: CTGATTCCAAGCCATGGTAC

Reverse: GACTTACAAGGCAGCTGTAG

A modified version of the doxycycline-inducible SpCas9 lentiviral plasmid
(https://www.addgene.org/50661/) was used in this experiment. This construct contains an auxin
inducible mAID sequence (cloned from pMK288 (mAID-Bsr), Plasmid #72826, Addgene) This
degron sequence was not used in this experiment. Doxycycline was not used to induce this
construct -- instead, we relied on known leaky expression to achieve a low level of editing. The

full construct sequence is available on Benchling (tinyurl.com/24pbhfth).

6.1.2 Cell line generation

HEK293 (ATCC, CRL-1573) were first transduced with the barcoded target/sgRNA modified
CROPseq vector at high MOI and single cells were sorted to grow clonal populations. Targets
were counted by PCR amplifying and sequencing the unique barcodes. A clone containing 31

unique barcodes was chosen.

To induce editing, cells were transduced with the doxycycline-inducible Cas9 lentiviral construct
described above, selected for Cas9 integration using Blastocidin, and single cell sorted such that
all profiled cells arose from a single founder cell. The Cas9 construct was not induced with
doxycycline; instead, we made use of its known propensity for leaky expression without
induction to produce slow editing. After 35 days in culture (DMEM), passaged every 2-3 days

using trypsin, editing efficiency was evaluated by bulk PCR of the target regions, and a single
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clonal edited population was chosen for further exploration. A portion of the resulting cells were
collected and processed immediately in a target+sci-RNA-seq capture experiment, and a portion

was frozen in liquid nitrogen for later target+sci-ATAC-seq processing.

6.2 EXPERIMENTAL METHODS: CAPTURING LINEAGE PROFILES ALONGSIDE

MOLECULAR PROFILES

6.2.1 Concurrent capture with sci-RNA-seq

The sci-RNA-seq 2-level protocol for methanol-fixed cells described in Cao et al. 2017 (Cao et
al., 2017) was modified to concurrently capture CRISPR target mRNAs. A single 96 well plate
was used for the first round of indexing, and 8 96-well plates were used in the second round, with

25 cells sorted into each well.

The following modifications were made:
(1) To index the lineage target mRNA during the first round of indexing, we added a lum of 10uM

indexed target-specific reverse transcription primer in addition to the oligo-dT primers.

Reverse transcription primer sequence:

ACGACGCTCTTCCGATCT TTGGTAGTCG ctacagctgecttgtaagtc

RT index (well-specific sequence)

(2) After Tn5 tagmentation, lysis, and ampure bead purification, cDNA was eluted in 10ul of buffer
EB (Qiagen). Then half of the contents of each well were transferred to a second 96 well plate. In

one plate, PCR and sequencing of the transcriptome was performed as described. The other plate
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was used for amplification of the lineage targets, with well-specific primers indexed to match well-

specific transcriptome indices.

Lineage targets were PCR amplified using the KAPA HiFi HotStart ReadyMix (Roche, KK2602)
with primer sequences below and elongation time of 1 minute and an annealing temperature of

65°C. All other steps were consistent with the KAPA protocol provided by manufacturer.

PCR primers:

Forward (unindexed):
CAAGCAGAAGACGGCATACGAGATTTGGTAGTCGGTGACTGGAGTTCAGACGTGTG
CTCTTCCGATCTCTGATTCCAAGCCATGGTAC

Reverse (indexed):
AATGATACGGCGACCACCGAGATCTACACTTCTACCTCAACACTCTTTCCCTACACG

ACGCTCTTCCGATCT

PCR index (well-specific sequence)

PCR index (plate-specific sequence)

After PCR, all wells were pooled and a 0.8x AMPureXP bead cleanup was performed prior to

sequencing.

(3) Paired-end sequencing of the lineage target PCR products was performed using a 300bp
Illumina sequencing kit (Miseq), with 148 bases sequences from each end (along with standard
10bp index reads, which are associated with the second round of indexing). The first index as well
as the UMI appear in R1 and are parsed during downstream computational processing. 10% PhiX

was added for sequencing to address sequence homogeneity.
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6.2.2 Concurrent capture with sci-ATAC-seq

The concurrent lineage target + chromatin accessibility capture protocol builds upon the 2-level
sci-ATAC-seq protocol presented in Cusanovich et al. (2015) (Cusanovich et al., 2015). The

following modifications were made:

(1) Lysis buffer was supplemented with SuperaseIN (ThermoFisher AM2694).

(2) Reverse transcription of lineage target mRNA:For s first round of lineage target indexing,
reverse transcription was performed prior to tagmentation in the first set of wells. After lysis, 5000
nuclei (2ul) were distributed per well of a 96 well plate, along with reagents for the first step of
reverse transcription: 0.25ul dNTPs (10mM) & lul of indexed the reverse transcription primer
described above (at 2uM). The plate was then incubated at 55C for 5 minutes, and immediately
chilled on ice. Reagents from the SuperScriptlV (ThermoFisher, 18090010) kit were then added
to each well (lul buffer, .25ul DTT, .25ul SSIV enzyme, .25ul RNAseOUT (ThermoFisher,

10777019). The plate was then incubated at 55C for 10 minutes, and immediately chilled on ice.

(3) Buffer exchange following reverse transcription: 60ul of nuclei lysis buffer was added to each
well. Nuclei were then pelleted by centrifugation at 300g for 5 minutes in 4°C. 57ul were then

carefully removed from each well, taking care not to disturb the pellet.

(4) After sorting nuclei (25 nuclei per well) into a solution containing SDS & inclubating to insure

Tn5 inactivation and lysis, the contents of each well are split in half across two plates. One plate
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underwent indexed DNA PCR amplification in accordance with the sci-ATAC-seq protocol; the
other underwent a 2X AmpureXP bead purification to remove SDS, followed by PCR
amplification as described above. Primer cleanup and sequencing of lineage target amplicons was

performed as described above.

6.3 COMPUTATIONAL PROCESSING: EXPRESSION ANALYSIS

6.3.1 [Initial computational processing of sci-RNA-seq data

Sequencing was performed as previously described (Cao et al., 2017). Reads were adapter-
trimmed using trim_galore and aligned to the reference genome (hg38) using STAR. Non-unique
mappers were removed. Reads were then deduplicated using a custom script

(190223 sciRNA remove duplicates.cpp), taking into account both UMIs and cell indices to
call a duplicated read. Only cells with at least 2048 deduplicated non-mitochondrial UMIs were

used for subsequent analyses.

A custom script (190704 process_sciRNA mapped_file.cpp) was used to map reads to genes.
Reads which overlapped multiple genes but only fell in an exon in one gene were counted

towards that gene.

RNA processing to generate the cell by gene raw counts file is implemented in script

190807 _sciRNA_ wrapper ALL.txt, with user-defined UMI cutoff of 2*11.

6.3.2  Permutation Analysis for DE gene identification

DE genes were identified using the following procedure.
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First, raw counts were scaled to 10,000 reads per cell. Then, for each pair of sister groups within
the tree (defined as those that share an immediate common ancestor branch), cells were permuted
into two groups of the original sizes 10,000 times and the log-fold change for each gene was
calculated. Only genes which were expressed in at least 10% of cells in either group were kept
for downstream analysis. The measured (real) mean expression ratio for each gene was ranked
against the permuted values, for a total of 10,001 values. Z-scores are calculated here as the
distance of the real log ratio from the mean divided by the standard deviation of the permuted

values.

To account for differences in group sizes across the tree, as well as large CNVs, we evaluated
genes on each chromosome in each pair of groups separately to determine the rank cutoff values

associated with significant DE. We chose a false discovery rate cutoff of 5%.

Rank cutoff values for each chromosome-group pair combination were determined as follows. If
no genes on a chromosome were differentially expressed, we would expect a uniform rank
distribution for 1 to 10,001. Thus, the expected number of genes observed at any given rank
value is the total number of filtered genes on chromosome/10,001, referred to here as the
baseline value. If true DE genes are present, we should observe an enrichment of genes at either

or both ends of the distribution, manifesting as higher counts and denser coverage.

An FDR value for each rank position can be determined simply by subtracting the baseline value

from the total gene count at each rank. Since those genes of rank 1 or 10001 are most likely to be
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true positives, we begin at the ends and move inward to identify a group of ranks which together

produce an FDR of <= 5%.

The procedure to determine significant ranks is implemented as follows. We begin at rank 1 or
10001, choosing the one with the highest observation count, and calculate the FDR associated
with that rank. If it is smaller than 5%, we compare the next most extreme ranks (2 or 10001 if
rank 1 was already used), and again choose the one with the highest gene count. We calculate the
total FDR encompassing both rank positions and continue this procedure iteratively, until the

FDR reaches 5%. All genes with the ranks identified by this procedure are considered DE.

Genes which were lowly expressed in both groups being compared (defined as those for which
the percent of cells expressing the gene, calculated separately and then summed between the two

groups, is <10%) were removed from the final analysis.

Procedure implemented in A 210327 perm qsub_script.sh &

210330 process_permutation_table log version.cpp.

6.3.3 SNP-based copy number analysis

To identify variable genomic positions from expression data, a 4 column file was generated for
each chromosome from the STAR alignment output file, including cell name, mapping position,
CIGAR string, and sequence, and the frequency of each base was calculated as implemented in
201114 wrapper for ASEs for lineage groups.txt. Counts were generated for all cells as well

as subsets of groups. Variable positions were retained and SNP info was added to via code
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191018 add snp info to ASE file.cpp, using as input a tab-delimited file generated from a vcf

file, containing five files: chromosome, position, rs_id, major allele, minor allele. Plots were

generated in 200203 ASE calc_major_freq.R.

6.1 COMPUTATIONAL PROCESSING: CHROMATIN ACCESSIBILITY ANALYSIS

For processing sci-ATAC-seq sequencing reads, we first compare observed and expected lists of
single cell indices, correcting any indices with a likely off-by-one error. All reads are then
adaptor trimmed using trimmomatic (parameters: TRAILING:3 SLIDINGWINDOW:4:10
MINLEN:20), and all reads associated with a single cell are then aligned to the genome using
bowtie2 (hg38 genome build). Reads are then deduplicated by UMIs using a custom script
(191226 _CROPt_process_atac bedfile.cpp). Both cell by gene and cell by interval counts were
generated using a custom script (191226 CROPt_make cell by interval count file.cpp).
During analysis, count files were converted into the 10X Genomics format for compatibility

with other analysis tools.

For heatmap plotting, counts per gene/interval were pooled by lineage group, and a mean was
calculated for each gene using total number of UMIs (as opposed to total number of cells) as the
denominator to account for a large spread of total observed UMIs per cell. Each value was then
scaled by the median of the total read count for all genes/bins. Genes & bins with low total
counts across the dataset were removed (those whose scaled values were below 120 per IMB
bin, or below 5 per gene, in all groups). For each retained gene/interval, the lineage group mean
was divided by the mean accessibility of all cells at that gene/interval, and a log was taken to

center around 0. For visualization scaling purposes, values above or below .9 & -.9 respectively



88

were changed to those values. This was implemented in

210222 ATAC process bin _counts by groups play w_scaling.R.

Differential accessibility was evaluated using the permutation approach described above, with
mean counts per a group again calculated with total number of UMIs (as opposed to total number

of cells) as the denominator.

Pileups were plotted using ArchR (Granja et al., 2021). For DA analysis at peaks, a set of peaks
was determined using ArchR, using both the whole dataset as well as successive subgroups
moving across the tree. The union of these peaks was then overlapped with DE genes (including

5kb upstream) and DA at these peaks was again evaluated using the permutation approach.

6.2 COMPUTATIONAL METHODS: LINEAGE PROFILE CALLING AND CELL

FILTERING

6.2.1 Computational processing and edit calling from lineage target sequencing data

Targets were enriched from the cDNA as described above and sequences on the Illumina Nextseq
or Miseq 300 cycle kit, with paired end sequencing. Read pairs (150b from each end on Miseq;
148 from each end on Nextseq) were merged using PEAR. Since large insertions can possibly
result in pairs which do not overlap, we took reads which were unable to be merged and looked
for features (common sequence near barcode, primer binding sites) which indicated reads from the
correct location. We then pasted the pairs into a single read, and used the combined insertion
sequence in our analysis. Thus, insertions of >105bp could be captured, as long as the amplicon

could cluster efficiently on the sequencer chip.
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Merged reads contain UMIs (first 8bp), reverse transcription index (index #1 of combinatorial
indexing - next 10bp), and a target ID (obtained by searching for flanking sequences). These
features were first extracted from the reads
(191203 CROPt_make UMI RT BC seq output file.cpp, within wrapper script
191203 CROPt Step2 collapse UMIs wrapper.txt), and the remaining sequences were
collapsed by UMIs (191203 _CROPt_collapse by UMIs.cpp, run within
191203 CROPt Step2 collapse UMIs wrapper.txt) and aligned to the reference sequence using

needleall  (http://emboss.sourceforge.net/apps/release/6.6/emboss/apps/needleall.html)  with

default settings. To remove PCR amplification or sequencing errors being interpreted as a CRISPR
edit, we devised a strategy to disentangle likely editing from technical errors in sequences where
indels or mismatches appeared discontinuous and/or did not overlap the CRISPR cut site.
Beginning at the cut site and moving in either direction, each part of a real "edit" had to be within
4 bases of the last position of an edit. This reduces the possibility that a technical error will be
counted towards an edit, while allowing for some edits which appear discontinuous. These likely
result from complex events in which bases were both deleted and inserted, with small fragments

of insertions mapping to the reference sequence of the deleted region.

Editing at each target in each cell was then evaluated. An unambiguous target was defined as one
which either contained no discrepant editing patterns, or if multiple editing patterns were observed,
had more than one UMI (unique transcript) associated with the "real" editing pattern, and no more
than 1 of the other (assumed to be either a stray transcript picked up during processing or a product

of template switching during PCR). If more than one edit was associated with more than one UMI,
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the target was termed "ambiguous." If each edit was only associated with one UMI, the target also
was termed "ambiguous." For the two duplicated targets, if ambiguous editing patterns were

distributed in silico as described below.

The above steps are implemented in wrapper script

191205 local target analysis all UPDATED.txt.

6.2.2  Evaluating CRISPR target capture rates and filtering cells based on target capture and

expression

The dual sci-RNA-seq + target capture was performed in eight batches. The median number of
targets captured varied by batch (Figure 2.4). This discrepancy was traced to the batch of Tn5
buffer used in each batch: more recently made batches as well as the commercial batch (as opposed
to older buffer made internally) produced more efficient Tn5 integration into cDNA (readily
observed in difference of sci-RNA-seq median library size). Since Tn5 integration occurs prior to
separating the samples for separate RNA and target processing, a smaller cDNA fragment size
means that Tn5 is more likely to integrate within a target region (downstream of the 5' primer
binding site), thus preventing that target from being captured. Thus, optimization of buffer

composition might address this issue.

To filter out presumed doublets, both target editing and expression data were used (Figure 2.4).
Cells were called "Singlet" of "Doublet" based on fraction of ambiguous targets (those with more
ambiguous than non-ambiguous targets were considered doublets). For doublet cells, the sci-RNA-
seq UMI count distributions were shifted, indicating that high count cells are likely doublets. In

addition to removing cells defined as doublets by target editing patterns, we thus additionally



91

removed cells which were above 1.8x the median sci-RNA-seq UMI count for each batch (Figure

2.4c¢).

6.3 COMPUTATIONAL METHODS: LINEAGE TREE RECONSTRUCTION

The final tree was reconstructed via the following steps:

6.3.1 (1) Computationally split duplicated targets

Two targets (#30 & 31) were consistently associated with two editing patterns within a single cell,
strongly suggesting that the section of chromosome on which these targets reside underwent a
duplication event in an early cell division (or in an ancestor of the founder cell of this population).
Because editing patterns at these targets clearly contained early editing events which were
informative of tree structure, we decided to computationally split each target into two separate
targets. For each target, we first generated a list of pairs of edits which were commonly found
together in a single cell. Since these had to have occurred at two different targets, we constrained
a set of editing patterns to one target and a set to the other. Editing patterns which were frequently
found alongside an unedited target (indicating that just a single target of the pair was editing in
that subset of cells) or on their own (indicating no duplication or a loss of the duplicated target)
were randomly assigned to the first target of the pair. Thus, a list of allowed "edits" was generated
for each target in the pair. If a cell contained edits on either list, they were distributed accordingly

between the pair of targets. The final dataset thus contains a total of 33 targets per cell.
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6.3.2 (2) Infer missing data

While a subset of missing data reflects true loss of either the target itself (due to a large deletion
or a CNA) or an editing pattern which makes the target hard to capture (e.g. a very large insertion),
some targets are stochastically not captured during mRNA processing. We thus attempted to infer
these edits using a nearest neighbors approach. Since batch 1 had the most complete lineage data,
for correcting missing data from other batches we combined them with batch 1 cells and performed
the following steps. We first calculated similarity scores between every pair of cell lineage profiles
using an additive approach. For each target with matching editing patterns a score of 5 would be
added to the total; for each target that was unedited in both lineage profiles, a score of 1 would be
added. Targets which did not match (or contained missing or ambiguous data in either cell)
received a score of zero. Based on these similarity scores, we defined a set of "nearest neighbor"
cells for each cell, and used these to computationally infer missing data for each cell. Specifically,
for each cell, for each missing or ambiguous target, we used the most common editing pattern in
its closest set of neighbors at that target to infer the missing edit. If the majority of neighbors also
had missing data at this target, this likely reflects a true loss at this target, and thus was left

uncorrected.

Steps 1 & 2 above are implemented in

200713 wrapper_for wrapper for AMBcorr Xcorr_step.txt.

6.3.3 (3) Generate initial groups of related cells using hierarchical clustering.

We generated a similarity matrix using the similarity score described above, and hierarchically

clustered cells via Ward's method (Ward2 in "hclust" package in R). Duplicated targets described
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in "Computationally split duplicated targets" (targets 30-33) were not used for similarity
calculations as they were found to bias groupings. Trees generated via hierarchical clustering are
not consistent with progressive CRISPR-based editing events, but do a reasonable job of placing
similar cells next to one another. Hierarchically clustered trees can be split automatically into a
desired number of groups, but we found that for downstream applications, it was best to manually
determine how to split the tree since in some cases groups of very different sizes were desired. We
thus generated plots of the hierarchically clustered tree (resembling the inset in Figure 3.2 but
containing the full tree) and manually chose the break points at which groups should be split. We
generated plots of both the lineage profile in which we had inferred missing data as in step 2, and
of the raw data, and consulted both to ensure missing data inference appeared accurate.
Importantly, these groups were chosen with the intention that some would be split further in a
subsequent step: as long as cells appeared confidently as close relatives, they were kept in a single
group at this stage. This procedure generated 94 groups. Groups with less than three cells were

removed to be placed into larger groups at a subsequent step, leaving 45 groups remaining.

Groups were evaluated visually as implemented in 200811 combine like cells for loop.R,
200219 make LG group plots for combined cell groups.R, &

200225 plot many LG on one plot from Refcell list.R.

6.3.4 (4) Generate a "consensus" lineage profile for each group.

A consensus editing pattern at a target was defined as one which appeared in at least 75% of cells
in that group. A single consensus lineage profile was first generated automatically using this

definition for each group. We then manually corrected these profiles to account for known sources
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of missing data which may contribute to an editing pattern being captured at fewer than 75% of
cells. For example, large insertions and deletions are captured less efficiently, and thus a target in
which contains >25% of missing data, but the remaining cells contain a consistent large insertion

or deletion, we can plausibly infer that that editing pattern is likely present in all cells.

6.3.5 (5) Generate a preliminary lineage tree of consensus cells via an iteratively applied

greedy approach

If no data were missing and no convergence (identical edits occuring at a single target
independently) were present, one could theoretically build a perfect tree using the greedy approach
shown in Figure 3.1. First, we identify the most abundant editing pattern at a single target in the
tree, and split the consensus cells into two groups based on the presence or absence of this editing
pattern. This defines the first branch point. We then apply this approach to the two new subgroups,
and iteratively apply it to all subsequent groups to generate a bifurcating tree with leaves being
defined by a single consensus lineage profile (implemented in
201109 building a tree 3 record all changes.cpp). We then collapse any bifurcations which are
not supported (when a branch is formed which is not defined by a specific editing event), such that

greater than two branches can arise from a single node (201109 AUTO _collapse bifurcations.R).

Though the consensus editing patterns are not perfect with regards to the above algorithm (there
are several instances of convergence, and some missing data), the pooling of related cells to
increase confidence of consensus editing patterns makes the algorithm above a viable approach.
We thus applied it to the preliminary group of consensus lineage profiles to generate a preliminary

tree.
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As described above, some groups could be subdivided further. We thus applied the above
algorithm to subgroups of the tree, by taking all cells within a single consensus lineage profile,
subdividing them into smaller "consensus" groups (beginning with hierarchical reclustering), and
generating a subtree as described above. These subtrees were then combined to form the larger

tree.

Importantly, this approach of successive tree and subtree generation allows us to deliberately leave
out potentially problematic targets, and to choose different sets of targets for each subtree
reconstruction. For example, since targets 30-33 contained missing data which may have been the
product of edit pattern distribution to resolve target duplication, we removed these for the initial
hierarchical clustering which generated cell groups, but used this information for consensus

lineage profile calling and greedy tree generation.

Though branching order correctly describes the order of editing events, the depth of the branching
events shown in Figure 3.2 does not necessarily indicate a true temporal relationship. Depth on the
tree correlates with the number of edits which occurred over the course of that branch's formation
but should not be interpreted as temporal relationships as a consistent editing rate cannot be

assumed.

6.3.6 (6) Visualizing preliminary trees for manual correction of missing data and resolution

of convergence events.
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Visualizing these trees at various stages allowed us to refine the trees further by helping to resolve
previously unclear editing patterns within some consensus cells. For example, the edit at target 26
in groups 33-42 is a large insertion which is not efficiently captured. The majority of cells within
groups 33-40 contained missing data at this target, while a subset contained the insertion. But
based on the edit in target 31, it appears most likely that all cells actually did contain the insertion
at target 26, but it was not captured well. We thus manually corrected targets at which events like

these appeared to be the case.

Visualization of intermediate trees also helped to resolve convergence events. Though few
convergence events (defined as the same edit occurring multiple times independently at the same
target) impacted the automatically-generated tree structure as earlier subdivisions isolated these
events from one another, this was not the case in a few places in the tree. In these cases, a group
which visually appears to be closely related to another group because of subsequent shared edits

is separated from it in early divisions. These events were manually corrected as well.

In two instances, several convergence events were also resolved by shared CNAs between groups.
This was rare; with the exception of the instances described below, expression data was not used

for tree reconstruction.

Change 1: A single discrepancy (copy number pattern on chromosomes 5 & 11) revealed a
convergence event whereby a common editing pattern occurring independently (target #7, teal

edit) forced groups together improperly. Instead, a common CNV pattern at chromosomes 5 & 11
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strongly suggested that groups 16-19 shared a common ancestor. A change was made accordingly,

slightly increasing tree resolution.

Change 2: CNVs on chromosomes 6 & 11 also allowed for better resolution of groups 38-42,
where a combination of factors including a convergence event of a commonly observed edit and a
large insertion event frequently manifesting as missing data made it challenging to resolve tree

structure.

We found for downstream analysis that small groups reduced power below the level at which
meaningful expression and accessibility differences could be detected. We thus recombined some

closely related groups such that the minimum number of cells per group is 34.

In the end, the final tree contained 42 lineage groups.

6.3.7 (7) Integrating remaining cells into pre-defined consensus lineage groups

About a quarter of the cells (batches 1 & 3) were used to construct the original tree. Some of these
which formed a group of 1 or two cells in step 3 were removed to be placed into larger groups
later, along with the remaining three quarters of the cells w/ lineage profiles. We placed cells into
their most closely related groups by calculating similarity scores described above(see (2) Inferring
missing data above) on uncorrected lineage profiles with cells already in the tree, and placing new
cells into the group in which they had the highest similarity scores. If a cell had identical similarity
scores w/ cells from multiple groups, it was placed into the group in which it had the most

neighbors.
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Final lineage groups were evaluated visually, by plotting lineage profiles of all cells in a single

group and visually confirming shared editing patterns.

6.4  ORIGINAL VISUALIZATIONS

6.4.1 Tree lineage profile visualizations

Tree visualizations were generated using custom code (
200807 AUTO tree custom_visualization organized.R, internally running
200806 _make coordinates for tree plot.cpp), which converted tree structure into line segment
coordinates which can be plotted in a ggplot space alongside visual lineage profiles. Input files are

provided (tree file LinRNA, lineage profiles wRNA.txt).

Visualizing single lineage groups (Figure 7¢) implemented in
211129 CopyForFigsRNA Uncorr AUTO tree custom visualization organized.R (RNA) &

211129 CopyForFigsATAC Uncorr AUTO tree custom_visualization organized.R (ATAC).

6.4.2 sci-RNA-seq visualization

For heatmap plotting, counts per gene were pooled by lineage group, and a mean was calculated
for each gene using the total number of cells as the denominator. Genes with low total counts
across the dataset were removed. Specifically, a lowly expressed gene was defined as one which
was expressed at a mean of .5 counts per cell or less in all lineage groups. For each retained gene,
the lineage group mean was divided by the mean expression in all cells of that gene, and a log2
was taken to center around 0. For visualization scaling purposes, values above or below 1 & -1

(Figure 4) and 1.5 and -1.5 (all other figures), respectively, were changed to those values.



Visualization implemented
201117 _AUTO_NewGroups BETTER long AllChr heatmap plot.R.

Pileups were plotted using ArchR (Granja et al. 2021).

99

n



100
Chapter 7. SCIENCE WRITING

Four years into my graduate studies, the coronavirus pandemic began. As I spoke with friends
and family as they considered how to respond appropriately in the early days of the pandemic, it
became clear to me that my status as a scientist, for better or for worse, gave me credibility in
these conversations. While the media was rife with competing messages, calling for everything
from strict lockdown to business as usual, I saw people comforted to hear from a scientist: No,
you are not overreacting by canceling that event. This is a big deal. You are making the

responsible choice.

So when the slow rollout of testing in the U.S. relative to other countries spawned conspiracy
theories, I set out to write a general audience piece to explain the most likely possibility: that
PCR primers designed by the C.D.C. less efficiently amplified the viral genome than those used
in other countries. This piece (below) snowballed into a larger discussion of diverse factors

impacting testing, including regulatory barriers and supply chain bottlenecks.

Several months later, another threat to public decision making regarding testing occurred: a New
York Times article claimed that the majority of positive PCR tests were false! The
epidemiologist whose ideas were promoted in the article presented an overly simplistic view of
infection which supported his campaign to increase rapid testing, but with potentially grave
consequences for our collective decision making following test results. The second article
presented here was written as a response, to clarity the much more nuanced science behind his
assertions, as well as highlight the complex interplay of motivations and emotions which have

drawn us to welcome simple stories.
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Both pieces were originally self-published on Medium. The first was ultimately republished on
Medium’s Elemental Blog. I was encouraged by the positive response to both pieces, and I plan

to continue writing for a general audience in the future.

7.1  THE SCIENCE BEHIND CORONAVIRUS TESTING, AND WHERE THE U.S. WENT

WRONG

This piece was published on Medium’s Elemental Blog in March 2020. It can be found at
https://tinyurl.com/44hz9xv35.

As has been widely reported, a major bottleneck in addressing the novel coronavirus outbreak in
the U.S. is the extremely limited testing capacity. While South Korea has tested over a quarter

million people, the U.S. has performed only 33,000 tests to date*, just three times South Korea’s

daily testing capacity. Speculations about negligence, incompetence, and deliberate conspiracy

have been floating around to explain this discrepancy. In reality, as is almost always the case, the

factors impacting the U.S.’s ability to ramp up testing are incredibly complex. Complications

include regulatory hurdles at the federal and local levels, shortages of supplies, equipment, and

certified personnel, as well as technical challenges associated with the test itself.

Given these challenges, it may surprise you to learn that the coronavirus test is relatively simple,
and operationally the same in every country. As a molecular biologist, I have run similar
procedures hundreds of times. So with South Korea performing an order of magnitude more tests
than the U.S., where did we go wrong? If the test is so simple that it can be performed in any
molecular biology lab, why aren’t we routinely testing thousands of people every day? Why

aren’t results available for days after testing? Will curbside and at-home testing help?
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How does the coronavirus test work?

To answer these questions, let’s first consider the culprit the test aims to detect: the virus itself.

Viruses, at their core, are surprisingly simple entities: capsules with machinery to penetrate a

cell, containing genetic information with instructions to make more viruses. Once a virus enters a
cell, the instructions are read and more viral parts are made and assembled. Newly made viruses
have mechanisms to escape their host cells and, in the case of coronavirus, travel further down
the respiratory tract, eventually reaching the lung cells. When infected, lung cells can no longer
perform their normal jobs, leading to the respiratory symptoms of Covid-19 (the disease caused

by the novel coronavirus).
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There are a number of ways to detect the presence of a virus in a clinical sample. We can look

for an indication that our immune system is reacting to it, or we can look for the virus itself. The

latter turns out to be much more straightforward because we have a tried-and-true, easily
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adaptable method to detect one feature of the virus: the “how to make more virus” instructions

that it carries.

These instructions are the virus’ genetic information, similar to our DNA. They are a chain of
molecular building blocks—abbreviated as As, Cs, Gs, and U’s—strung together in an order we
understand—they are a manual we can open and read, letter by letter. To detect a virus, we just

have to look for its instruction manual.

To do so, we use a standard molecular biology technique called polymerase chain reaction, or
PCR. PCR allows us to make copies of a small, specific section of DNA—say, a sentence from
the instruction manual—as long as we know the first and last word of that sentence. These
flanking words are called primers, and as you will see, it is important to choose them wisely. By
combining primers with the patient sample and a few other components in a machine that can
cycle through a few different temperature settings, we can produce millions of copies of our

chosen DNA “sentence” relatively quickly (in 30—45 minutes).

(To be totally accurate, coronavirus is actually an RNA virus. RNA is similar to DNA, but this
method looks a little different in practice and is referred to as RT-PCR. The outcome is the same:

Many, many copies of the DNA are made from the viral RNA instructions.)
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How PCR makes millions of copies of DNA
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But wait, which sentence in the instruction manual are we trying to copy...and why? The
sentence itself turns out not to matter much, as long as it exists exclusively in the coronavirus’
instruction manual; it must be absent from the genetic code of other common viruses like flu. We
make copies not so we can read them, but purely to see they can be made. Think of it this way: A
million copies of a document are easier to see than a single sheet of paper. To “see” these copies,
we use a fluorescent probe, which only emits light when it binds to DNA—the more DNA
copies are made, the more light is emitted from the sample. In a sample from an uninfected
individual—where no viral material exists in the first place—no copies will be made, and no
light will be emitted. A sample containing viral RNA will get brighter over time. We can track

the amount of light emitted by each sample in real time, as shown below.
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The tests developed by the Center for Disease Control (CDC) in the U.S., the World Health
Organization (WHO), and in-house at labs around the U.S., as well as those used in South Korea,

all employ this basic strategy: using RT-PCR to detect viral RNA.

If the test is so simple, why is the U.S. having trouble getting it to work?

The U.S. initially mandated the use of CDC-developed test kits for all coronavirus testing, but
labs reportedly had trouble getting them to work. The CDC was criticized for not using test kits
developed in Germany, which were successfully detecting coronavirus around the world and
were backed by WHO. U.S. labs responded by developing their own tests, and in some cases
reporting quicker turnaround of results. This prompts the question: What are the differences

between these tests and why do some work better than others?

The answer is relatively simple: Each test chose a different “sentence” to copy from the viral

RNA. Effectively, this changes the primers (first and last word of the sentence), the fluorescent
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probe (corresponding to some word in the middle), and the “positive control” (a tube of DNA
containing the “sentence” that is used to make sure the test is working properly). In fact, the

CDC’s test kits are really just this: a few tubes containing the three components above.

Choosing primers for any PCR experiment turns out to be tricky and sometimes unpredictable.
Primers are just short pieces of DNA themselves, and some DNA has a tendency to fold in on
itself, creating a “hairpin” structure which inhibits PCR. (This is a bit like the matching letters in
a palindrome finding one another). These “palindrome” primers can produce a false negative—
an infected patient whose sample appears to lack the virus. Alternatively, the primers can work
just fine to make copies of coronavirus RNA, but might also be capable of copying some part of
human DNA. Because patient samples (most often nasal swabs) contain both viral particles and
human cells, these primers can produce a false positive—an uninfected individual testing
positive for the virus. Other potential sources of RT-PCR failure are temperature issues, low

primer or sample concentration, and contamination, among others.
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Whether the CDC’s primers were inferior to others’ has been debated, but U.S. labs have another
critical reason to develop their own tests: The CDC’s test kits are in short supply. In principle,
most molecular biology labs can develop such a test in a week or two, but those who have done
so have come against another major hurdle: FDA regulations barring them from testing patient

samples and returning results.

Federal regulations complicate in-house testing

Before we get into the weeds here, it is important to remind ourselves why FDA regulations
exist: to protect the consumer—us—from being given incorrect medical information. Typically,
there is regulatory oversight both of the laboratories where clinical tests are performed and of the
tests themselves (though as this article points out, prior to this outbreak, FDA oversight of

clinical tests under the current administration has been alarmingly slim).

In response to this outbreak, the FDA initially mandated use of the CDC’s tests exclusively, but
loosened restrictions when it became clear that the need severely outpaced the CDC’s supply.
Currently, CLIA-certified labs (those already certified to perform clinical testing) are permitted
to develop and use their own tests, but must submit an Emergency Use Authorization
application, which involves careful (and time-consuming) validation of in-house tests and sample
collection procedures. Labs with extensive experience and infrastructure to perform viral PCR
assays of clinical samples, but whose primary focus has historically been research rather than

clinical diagnostics, must obtain CLIA certification as well. This added requirement temporarily

prevented at least one well-equipped lab which played a central role in uncovering the extent of

Seattle’s outbreak from doing further testing.
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It is a complicated matter that pits individual consumer protections against the country’s
immediate need to ramp up testing quickly in the face of a public health emergency. Stringent
and time-consuming FDA requirements are preventing academic and clinical labs around the
country, with capacity and willingness to develop and deploy testing within their communities,

from being able to do so.

Though a path to certification exists, it is neither quick nor painless, and in a crisis that grows

exponentially worse every day, where widespread testing has proven effective in curbing

transmission, it is crucial that the federal government do everything in its power to allow willing
labs to pick up the slack where it has ultimately failed: being prepared to mobilize quickly in the
event of a public health crisis—a job that was formerly held by the pandemic preparedness team

which Trump disbanded in 2018.

Massive supply shortages require creative solutions

Labs that manage to get proper certification to run clinical testing face another hurdle: a massive
shortage of supplies. Patient samples are most commonly collected as nasal swabs, and before
RT-PCR, viral RNA must be separated from mucous, human cells, and other debris.
Commercially available RNA extraction kits are by far the quickest and safest way to process
many samples at once, but unsurprisingly, demand has quickly outpaced supply, forcing testing

labs to seek donations locally via social media.

PCR machines are another major bottleneck, as well as trained individuals needed to run them at

capacity. Although some researchers argue that FDA restrictions should be lifted to allow all

academic labs to fire up their idle PCR machines and start testing immediately, even they
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recognize this would substantially increase the rate of erroneous results, leading us into
uncharted and unpredictable territory. It seems more prudent for the FDA to move quickly to
certify a set of well-equipped labs, which can train volunteer scientists to perform approved in-
house tests at scale. On the West Coast, it’s already all hands on deck. Both the University of
Washington’s School of Medicine and UC Berkeley’s Innovative Genomics Institute are training

willing academic researchers, graduate students, and postdocs to perform coronavirus testing.

Will drive-thru & at-home testing help?

First, let’s clear up some confusion here. When it comes to coronavirus testing, “drive-thru” and
“at-home” do not describe the test itself, which requires training and specialized equipment.
These terms refer instead to sow and where nasal swabs are collected. Though these strategies
may not substantially increase the speed of testing, there may be immense public health benefits
to performing sample collection via mail or a drive-thru point. Why? Because those who fear
they are ill need not travel to a clinic, risking infecting others while there or in transit. Plans to

implement at-home sample collection are already in progress, and drive-thru testing is already

available for UW Medicine patients and staff. But regulatory hurdles exist in this domain as well.
To process at-home tests, labs must provide substantial evidence that these samples are reliable
relative to those collected by trained individuals, further hampering labs’ ability to quickly roll

out these operations.

Where do we go from here?

The challenges outlined here all converge around one conclusion: The U.S. was completely

unprepared for a public health emergency of this scale. South Korea revamped its emergency
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preparedness plans after the MERS outbreak of 2015, recognizing that early detection and
isolation were effective to mitigate an outbreak, and putting resources and procedures into place

which could be mobilized quickly.

Hopefully, the U.S. government learns from this catastrophe and diverts more resources toward
emergency preparedness in the future. In the meantime, scientists are heroically doing what they
can to pick up the slack, and it should be the government’s immediate priority to simplify and
accelerate regulatory procedures to permit qualified and well-equipped labs to scale up testing.

To paraphrase Trevor Bedford, a virologist and leading voice reporting on the virus’s predicted

prevalence and expected trajectory, increasing testing capacity is crucial to reduce rates of

transmission and get the coronavirus outbreak under control in the U.S.

As a scientist, I feel proud and encouraged by the quick and selfless responses of fellow
scientists to extend testing, communicate important information to the public, and begin

developing and testing vaccines at record speed. Ultimately, we are all in this together.

7.2  COVID-19 TESTING & THE DANGER OF A QUICK FIX NARRATIVE

This piece was published on Medium in October 2020. It can be found at
https://tinyurl.com/y6vnsuek.

For months now, you have woken each day to a world that is both maddening and heartbreaking.
You sip coffee and scroll through the day’s stories, scanning for hope, bracing for despair, at

times uncertain which one you were meant to feel.

One day you read a headline : “Your Coronavirus Test Is Positive. Maybe It Shouldn’t Be.”
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Huh.

You read on. A huge number of people testing positive carry “relatively insignificant amounts of
the virus,” it says. Most are “not likely to be contagious.” On Twitter, an alarming message from
the author: “90% (!!) of people who get a positive result are no longer contagious and don’t need

to isolate. Strap in, this is important.”

This feels important, you think.

Your mom calls, excited. “Did you hear?” she says. “We’ve been measuring it all wrong. It’s all
way overblown. Can you make it home next month?”” You vaguely recall a conversation from

April: “No, mom, this isn’t no worse than the flu.”

But you are not sure what to make of this story. Our standard coronavirus test is too sensitive, it
says. With a straightforward policy change, infection rates & needless isolations would plummet.
But maybe we should downgrade this test altogether, it muses. Replace it with a less accurate test
which returns fast results. Such tests already exist. And their poor sensitivity should be

welcomed, not feared.

Huh.

You are skeptical. And you are not alone. As has almost always been the case over the last nine

months, the story behind the story is a complicated one.
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The Glossary (more pertinent than the average glossary; do read)

PCR test: The standard coronavirus test used across the world. Quite accurate—can detect even

small amounts of virus. Not easily scalable—shortages of tests & testing facilities in the U.S.

Antigen test: A type of rapid test. Results in as little as 15 minutes. Can be cheap to make &

simple to administer. Not nearly as accurate as PCR.

FDA: The regulatory agency responsible for evaluating new tests. Compares tests’ accuracy to

PCR for approval.

Dr. Michael Mina: Epidemiologist. Strong supporter of antigen tests. Critical of FDA’s

accuracy requirements.

Quick fixes: Proposed solutions which seem easy to implement & promise game-changing

results. Easy to sell. Rarely pan out as promised.

Federal officials: Exasperated. Heavily criticized for pandemic response. Looking for novel

solutions. The simpler, the better.

You: Exasperated. Skeptical of national pandemic response. Hoping for novel solutions. The

quicker, the better.

The U.S.: A country on the precipice of a monumentally important election.
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COVID-19 testing: where are we today?

In March, I wrote about the technical, logistical, and regulatory hurdles plaguing coronavirus

testing in the U.S. As other countries established coordinated testing and contact tracing
programs, the U.S. was just waking to the reality of a local pandemic for which it had no plan.
States and communities were left scrambling to contain local outbreaks, largely shaping our
haphazard testing landscape of today, where ill-equipped public health labs, universities, and
private companies struggle together to scale up PCR testing against insurmountable demand.

Half a year later, there are still long lines for testing, huge backlogs at private labs, and little

national coordination of contact tracing. It is clear that the status quo isn’t enough—that

something needs to change.

In recent months, vast hope has gathered around the antigen test, a type of rapid test which
delivers results in as little as 15 minutes and can be performed outside of a lab. It evokes a future
where children are tested on their way into school, adults at work, the gym, the grocery store.
Those who test positive are sent home; everyone else resumes a much more normal way of life.
This vision is so enticing that XPrize is offering $5 million to anyone who can develop such a

test.

But existing antigen tests cannot yet sustain this vision. Those which are fast and simple enough

for such routine, ubiquitous use are not yet accurate enough for the job, returning both false

positives and false negatives at concerningly high rates. Experts caution that test results would
understandably be taken with a grain of salt if unreliable tests were delivered at such vast scales.

Those testing positive but showing no symptoms might assume a false positive; those testing
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negative would be given a false sense of security and perhaps forgo precautions like distancing

and wearing masks.

But if one believes in this vision despite the tests’ flaws, as does Dr. Mina, one faces another

barrier to widespread adoption of existing tests: the FDA. To receive federal approval, a test
must meet sensitivity and specificity standards which are set relative to PCR, the workhorse test

used across the world. A test need not be as sensitive as PCR, but must reach a threshold which

simple antigen tests have not yet been able to meet.

So, if one believes we should implement this vision now, they may need to convince the FDA to
change its approval process. And one way to do so is by questioning the sensitivity of its gold

standard: PCR.

Is PCR too sensitive?

Is PCR a sensitive test? Yes. It can detect very small amounts of virus.

Is this a good thing? In most cases, also yes. It can detect virus soon after infection, reducing the
likelihood of transmission. It can detect virus from nasal samples, even with poor collection
technique. It can detect virus in saliva, where less virus resides. It can detect virus in samples
which have partially degraded during storage. It can detect virus transported in a variety of

media. It can detect virus in samples containing large amounts of human cells and debris.

And, occasionally, it can detect the vestiges of a recent infection—residual bits of viral genetic

information which cannot infect others.
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Ah. You read about this as you drank your morning coffee. The story implied that the vast

majority of people testing positive are in this post-infectious state.

But is this correct? Probably not.

Let me explain.

You carry little virus at two points during infection: at the onset and the tail end. The late
infection period lasts comparatively longer than early infection, and thus the article reasons that
those who carry little virus are likely beyond their contagiousness peak. Inspecting PCR data

from several labs, they infer that many samples do in fact contain little virus.

But can we reliably estimate the amount of virus a person carries from PCR at all? This is the
sticking point and one that has confused even scientists, particularly those who are used to well-

controlled research experiments as opposed to finicky clinical samples.

The raw data from a PCR test is not a crisp positive or negative, but a number. Low numbers are
associated with lots of virus. Very high numbers indicate no virus—a negative result. It is the
middle ground numbers which are the source of confusion here. While a relatively high middle
ground number may indicate little virus, it can also arise from intrinsic clinical variables like the
time between sampling & processing, sampling technique, and sample consistency, to name a

few. Generally, in clinical diagnostics, PCR’s numerical output is not a great indicator of the

amount of virus an individual carries.

But the story relies on these numbers anyway, designating a cutoff above which it infers

“insignificant amounts of virus.” It states neither the cutoff nor the reasoning behind it. This is
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important, because it prevents comparison with data from other labs. If others do not observe
similar rates of “high” PCR outputs, features specific to the surveying labs or geographic areas
may be to blame. These include equipment, differences in sampling, transport, storage, and
processing protocols, and perhaps most importantly, the local availability of testing. How long
after an individual requested testing were they able to get it? If wait times are long, then a bias

towards late infections may be expected.

In short, we cannot reliably infer “rates of contagiousness” from PCR’s numerical output, let
alone generalize “nationwide” from these data. The 90% of individuals the story deems non-
contagious likely span all stages of infection. Suggesting they need not isolate can have

devastating consequences.

The danger of a quick fix narrative

Simple solutions sell. Against a backdrop of a global pandemic and a monumentally important

election, the illusion of a quick fix can be immensely alluring—and enormously dangerous.

Dr. Mina calls for policy change to place a stringent cap on the PCR values associated with a
positive result. This change would substantially reduce reported infection rates in the short term,
leading to the illusion of a pandemic under control. In the long term, viral transmission would

spike, as infected individuals who receive the all clear forgo isolation and contact tracing.

But despite an_absence of data linking these values to coronavirus transmissibility and a

cautionary statement from the College of American Pathologists, federal officials at the CDC are

considering this proposal “for policy decisions.”
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Simple solutions sell.

Referencing Dr. Mina, other media sources have presented the sweeping adoption of antigen
tests as a no-brainer. Rapid tests suitable for everyday at-home testing already exist, they write,
referring to paper strip antigen tests as “the wand that will accomplish this feat,” and declaring

there is “no technical obstacle...only a dearth of political will.” Dr. Mina himself writes that strip

tests can be “mass produced in a matter of weeks and freely supplied by the government to

everyone in the country.”

But many experts warn that existing antigen tests are not yet suitable for the sort of widespread

surveillance testing Dr. Mina aspires to. One study found that testing all grade school students

three times per week would produce nearly 800,000 false positives weekly. With tens of millions

of people tested per day, positive results may become obsolete as people forgo what they

perceive to be needless isolation. Negative results are also dubious, with the CDC recommending

that anyone with symptoms or known exposure “confirm negative antigen test results with an

RT-PCR test.” Supply chain issues, which plague PCR testing, are also bound to arise at the

scale of testing Dr. Mina proposes. Though ubiquitous rapid testing is an enticing idea, we do not

yet have the tests to make it a reality.

Yet despite mounting reports of problems with Abbott’s antigen tests, most recently tied to the

outbreak at the White House, the government has purchased 150 million rapid tests from the
company, broadcasting this move as “President Trump’s all-of-America approach to constructing
our world-leading COVID-19 testing capacity,” and “fully leveraging America’s industry and
innovative spirit.” In July, the government distributed rapid point-of-care tests across nursing

homes, the use of which was recently discontinued due to inaccuracies.
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Simple solutions sell, not just to federal officials, but to us. With the election weeks away, the
current administration has a strong incentive to invest in quick fixes which have been sold to the

public as panaceas—and we have little time to see them fall short of their promises.

Fast, frequent, and ubiquitous testing would be a game-changer, as Dr. Mina widely proclaims. It
is a worthwhile target to aim for, even if we never fully reach it. But striving to get there by

eroding public trust in the only reliable test we currently have is short-sighted. And using

misleading messaging to unite the public around an untried alternative will only deepen apathy in

the long run.
Simple solutions sell.

But simple solutions distract us from coordinating a complex and multifaceted response befitting
such a complex and multifaceted problem. The real solution places at least as much emphasis on
public trust as it does on “techno-fixes.” It makes use of multiple forms of testing, carefully
considering the interplay between sensitivity, frequency, and the integral role of public
confidence and buy-in. It invests in contact tracing and promotes consistent, science-backed
messaging around mask wearing and social distancing. It keeps us informed about novel

treatments & vaccines, without cultivating false hope.

But simple solutions sell. And so do simple stories.

Chapter 8. DISCUSSION

Here, I have shown how tethering single cell expression and chromatin accessibility profiles via

lineage relationships facilitates the detection and characterization of heritable gene expression
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changes. Surprisingly, even in a non-differentiating cell line, I observed abundant, progressively-
acquired heritable expression changes. Some differentially expressed genes had an obvious genetic

origin—copy number changes impacting multiple adjacent genes, while many others showed stable,

lineage-associated expression but with less clear origins. The explanations for this latter category
might include epigenetic changes within nearby regulatory sites, changes in abundance of
upstream regulators, the acquisition of new regulatory contexts via genomic rearrangements,
and/or focal genetic changes, amplifications, or deletions. Above, I have shown that our approach
of profiling multiple features in closely related cells can, at least in some cases, be used to

distinguish between these possibilities.

8.1 PROPOSED APPLICATIONS OF THE LORAX ACROSS BIOLOGICAL SYSTEMS

Clonal tracking, achieved via various methods across diverse systems, has revealed the presence
of biologically important heritable states. For example, combining Luria-Delbriick fluctuation
analysis with RNA-seq, Shaffer et al. found rare, but clonally stable expression states which
predisposed cancer cells to drug resistance (Shaffer et al., 2020). Intriguingly, these states were in
some cases reversible, suggesting an epigenetic origin. Goyal et al. confirmed the presence of
clone-specific responses of cancer cells to various drug treatments using a clonal barcoding

approach (FateMap) (Goyal et al. 2021). Mold et al. made use of 'natural' clonal barcodes—T-cell
receptors in lymphocytes—and found that clonal lymphocytes responded more similarly to

vaccination than more distantly related cells (Mold et al., 2022). Using an in vivo transgenic
barcoding strategy (TREX, (Ratz et al. 2021)), they found that in mouse neurons, gene expression
states mimicked clonal structure, even among different clones of the same cell type. Finally, He et

al. investigated the timing of cell fate restriction in organoids with iTracer, a system which includes
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an initial and an induced round of clonal barcoding (He et al., 2021). These studies present
intriguing examples of heritable expression but are limited in terms of fully distinguishing between

potential underlying causes.

I envision that THE LORAX may be applied to such systems, enhancing our ability to detect
heritable events and explain their mechanistic origins. First, progressive lineage labeling increases
the likelihood of detecting rare heritable events, as finer-scale, temporally-resolved clonal labeling
produces more homogenous clones. Progressive labeling may be particularly useful for detecting
events which are stable over multiple cell divisions but reversible, since both the acquisition and
reversal may be captured via a finely-tuned lineage recording system. Second, the addition of a
chromatin accessibility measurement alongside clonal labels may help resolve the mechanisms
behind clonal expression stability. Genetically-mediated expression variation is likely during
cancer progression, where copy number changes ((Harbers et al., 2021), loss of heterozygosity

(Nichols et al., 2020), and chromothripsis (Cortés-Ciriano et al., 2020)—widespread fragmentation
and reassembly of genetic material-are commonly observed. I have shown above that such events

may be inferred using our approach. On the other hand, myriad epigenetic changes accompany
cell fate commitment during organoid and organism development, and concurrent lineage tracing
and RNA and ATAC profiling in closely related cells may illuminate the order of events which
give rise to progressive cell type divergence (Thomas et al., 2011). In these systems and others
where cell state diversification is taking place, it is likely that lineage-resolved ATAC-seq will
show clone-specific enhancer and promoter accessibility changes beyond what I observed here,
which may explain heritable expression variation. In fact, profiling clonal T-cell populations

expanded in vitro using bulk ATAC- and RNA-seq, Mold et al. found clone-specific accessibility
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changes at regulatory regions, with enrichment near clonally differentially expressed genes (Mold

et al., 2022).

8.2  ADVANCES IN LINEAGE TRACING PRESENTED IN THIS WORK

Our work presents some advances in CRISPR-based lineage tracing, and also highlights some
fresh challenges. First, encoding lineage at many independently-integrated loci rather than at
tandem loci expressed as a single transcript eliminates the chance that a large deletion removes
neighboring CRISPR targets, supports larger deletions, and enables efficient capture of larger
insertions. These features in turn reduce both the rate of missing lineage information and the
probability of convergence events. Second, I show that NN-based inference of missing data in
individual cells and subsequent pooling of cells to generate "consensus" profiles prior to lineage
reconstruction (and iteratively generating subtrees from these consensus groups) reduces the
likelihood of misplaced cells early in the reconstruction process. Though I demonstrate the
usefulness of this approach when a "greedy" algorithm is used for reconstruction, it is applicable
even to methods which primarily use traditional phylogenetic reconstruction approaches (e.g.
maximum likelihood) (Gong et al., 2021; Jones et al., 2020; Konno et al., 2022), since the sheer
number of cells often makes early "greedy" subgrouping necessary. Finally, these lineage
recording and analysis approaches are compatible with other recent advances in lineage recording
technology, like DNA Ticker Tape (Choi et al., 2021), where successive insertions as a single
locus greatly simplify ordering of lineage-encoding events. Integrating multiple such loci would
enable higher resolution trees, and the approaches presented here can be used to order events

occurring at distinct recording loci, where event ordering is not so straightforward.
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8.3  OUTSTANDING CHALLENGES IN LINEAGE TRACING

Our work also highlights some unresolved challenges within the CRISPR-based lineage tracing
field. First, fine control of editing rate remains elusive; I observed abundant editing in some
lineages, while most targets in others remained unused. Loss or silencing of the Cas9-expressing
genomic locus might explain lineage-specific reductions in editing efficiency, while position effect
variegation in cutting or editing rates might explain variation in usage or recovery across targets.
Second, though I observed a great diversity of editing patterns, they are not evenly distributed,
with the top three edits frequently occurring independently. This phenomenon can in part be
addressed with careful target design to avoid regions of microhomology (W. Chen et al., 2019;
Sfeir & Symington, 2015). Third, though the design of our construct allows for large indels
relative to other methods, relying on double strand break repair for editing diversity still presents
a risk that a recorded event will not be reliably captured due to indel size. Finally, frequent DSBs
(which may themselves be contributing to the CNAs observed here), and the persistently high
expression of transgenes (which are prone to silencing) may not be compatible with organismal or
ES cell-derived systems. Excitingly, these challenges are addressed in large part by DNA Ticker
Tape, which leverages prime editing to introduce diverse insertional edits to a target site in an

ordered manner, without requiring double-stranded breaks (Choi et al., 2021).

8.4  THE FUTURE OF LINEAGE TRACING AND RECONSTRUCTION METHODS

The last few years has brought rapid advances in genome editing tools which will pave the way
for more refined lineage tracing technologies. CRISPR-Cas9 emerged as a frontrunner in lineage
tracing due to its ability to induce a diversity of outcomes at a single locus. The downside to this

approach, of course, is the lack of control over this set of outcomes, with some outcomes (e.g.
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large insertions and deletions) being frequent sources of missing data and thus inaccurate lineage

reconstruction.

Prime editing (Anzalone et al., 2019) offers incredible promise in the lineage tracing field. This
method uses catalytically inactive Cas9 fused to reverse transcriptase to enable high-efficiency
template-directed repair. With respect to lineage recording, this method has several important
advantages. First, it does not induce double strand breaks, reducing the likelihood that the editing
itself may influence a cell’s biological state. Second, it enables controlled editing outcomes, which

can be programmed to accommodate capture constraints (i.e. size limits).

Choi et al. 2021 (Choi et al., 2021) devises a beautiful lineage tracing strategy which highlights
another less obvious benefit of prime editing: predictable editing enables engineered conditional
editing, such that an edit cannot be made prior to another one. Choi et al. does just this. They
design a system in which 3 base pair insertions are continually made to a target array, but an

insertion cannot be made at target #2 if one has not already occurred at target #1.

This structure is ingenious for the purpose of lineage reconstruction, as order of events within a
single array is known. Choi et al. integrate multiple such arrays into the genome and capture them
at high efficiency using droplet-based capture. High editing rates mean that each cell has more

information available for reconstruction.

Such an approach asks again for the continued evolution of reconstruction methods. An ideal

reconstruction approach would account for known ordering within a target array, but unknown
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ordering of edits between different arrays. Traditional phylogenetics approaches (e.g. as
implemented in Cassiopeia (Jones et al. 2020)) require modifications in order to account for this
new feature. The reconstruction approach I present here can in theory be easily modified to encode
this feature, by considering only the earliest unused edit in each target array for the next splitting

step.

A drawback to my approach is that erroneous data and convergence events may easily cause the
misplacement of cells. Though this is somewhat mitigated by the strategy described above where
only a subset of targets are considered at each split, it remains a problem as long as editing diversity
is limited and/or distributed unevenly. Neighbor joining approaches hold a lot of promise as
lineage profiles become more complex and complete. Though resulting trees do not immediately
track with specific editing events, one can imagine reconstructing an order of events retroactively,

by automatically inferring commonly shared editing patterns are one iteratively moves up the tree.

8.4.1 Improved methods for edit calling

In my work, I took great care to make sure PCR and sequencing errors did not result in an artificial
diversity of editing patterns. A recently developed package, TraceQC (Hu et al., 2020), formally
addresses these considerations. It introduces improved indel calling in linage data, including gap
opening and extension penalties which bias towards insertion and deletions, as opposed to
substitutions. Read counts and alignment scores are also considered to reduce technical noise. Like

our approach, they incorporate consensus sequence calling to further reduce noise.

8.4.2 Modeling lineage tracing processes. editing rate
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Evaluating reconstruction methods remains a challenge, as simulated datasets often do not reflect
true variables in the data. The data presented here highlights a few of these challenges. First, it is
not necessarily true that editing occurs at a consistent rate across all lineages. In fact, our data and
that of others (the other tree paper) suggests, at least in cell lines, that editing accumulates much
quicker in some lineages than others. I observed some lineages which acquired very few edits
overall, which, in our system, may be due to the loss of the Cas9 genomic locus as part of a
karyotypic changes. One can imagine that in a cell line that can tolerate karyotypic changes, those
lineages which lose early Cas9 (and thus are no longer experiencing Cas9-induced double strand
breaks) will be selected for over others. This may explain the large number of cells in groups 25-
30 in our tree, where a relatively small number of edits define the lineages. On the other hand, I
observe lineages where a large number of targets are edited (e.g. 12, 22-24). Were editing rate
consistent and selection not present, I would expect a gradation of editing, where one or a few edits
define a group which accumulates additional, diverse edits over time. Though this occurs to some
degree in groups 22-24 (additional edits are observed beyond the shared ones within each group),
the ten edits which unite these groups do not appear elsewhere in the tree, which would be expected
if they accumulated gradually. Instead, such a pattern is suggestive of a process in which Cas9
activity was high in a single founder cell, generating multiple edits in a single generation. Such
high activity may result from an elevated concentration of Cas9 in the cell, due perhaps to higher
expression or a genomic duplication of the Cas9 locus, or it may result from a weakening of the

DSB repair machinery, increasing the likelihood that a cut will be repaired imperfectly.

These examples illustrate that a complex interplay of factors underpin editing rate. Further factors

may need to be considered in systems where differentiation occurs (e.g. during embryonic or



126

organoid development). For example, Cas9 expression and repair dynamics may not be consistent
across cell types, potentially influenced by factors such as cell division rate, and primary method

of repair (Featherstone and Jackson 1999).

8.4.3 Modeling lineage tracing processes. information loss

Perhaps the most complicated and experiment-specific challenges lie in modeling the rate of
information loss, both during recording and recovery of lineage profiles. Some methods assume a
random distribution of missing data, stochastically removing subsets of the simulated data to
evaluate the how robust the method is to incomplete recovery (Gong et al., 2021; Konno et al.,
2022). However, the distribution of missing data is highly dependent on the process which led to
its loss, and experiment-specific factors may not be obvious until after the data has been collected.
In our dataset, I observed data loss occurring at several points in the recording and recovery

process.

First, during the CRISPR/Cas9 DSB repair process, large deletions may remove either the primer
binding site(s), or the barcode necessary to associate an edit with a particular target. In the latter
case, even if the transcript associated with the target can be captured, it will be discarded. If this
deletion occurs early, missing data will be observed at as particular target, specific to a particular

lineage.

Second, large deletions and insertions which do not remove necessary capture and target-
associated information may be more difficult to capture via the combinatorial indexing method

developed here, due to size selection (large deletions) and clustering limitations during sequencing
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(large insertions). Such events will appear as incomplete loss specific to a single target within a
lineage. Importantly, these events can be computationally distinguished from other (stochastic)
types of loss, since a large insertion or deletion will be observed in the minority of cells in which
the target information is retained. This property was used in our study to manually correct a subset
of the missing data where large insertions or deletions were likely the culprit, but one can imagine
automating this process, by quantifying a relationship between insertion/deletion size and capture

efficiency.

Third, as described above, karyotypic changes over the course of the experiment result in non-

random information loss.

8.4.4  Other unsolved problem in lineage tracing

A still unsolved challenge is the control of editing rate. Several groups have found promise in
making mismatches between gRNAs and their targets, creating a set of early and late editors
(McKenna et al. 2016; Simeonov et al. 2021; Chan et al. 2019). Others have used inducible systems
to control Cas9 expression (Raj, Gagnon, and Schier 2018). As observed in my work and those of
others (Simeonov et al., 2021), doxycycline-inducible systems alone are insufficient, as even small
amounts of drug result in a very high level of editing. Combining such a system with another
approach which modulates Cas9 protein levels may be of use. I have begun work on several such
approaches (unpublished work), including modifying the transcription start site of Cas9, such that
the transcript is not made as efficiently, and tethering Cas9 to an auxin-inducible degron

(Yesbolatova et al., 2020), creating multiple control switches at which Cas9 levels can be
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controlled. One can also imagine engineering a system where Cas9 expression or availability is

tied to cell cycle, such that edits can be used to track the rate of lineage expansion.

A second challenge not observed in my experimental system but reported frequently in more
complex systems is transgene silencing. In order to capture lineage information from mRNA, a
high level of expression must be maintained across cell types in a system where cell fate divergence
occurs. Several modification to the transgene delivery system and construct hold promise,
including using piggyBac as a delivery vector (X. Chen et al. 2015) and flanking transgenes with

insulator sequences (Pérez-Gonzalez and Caro 2019) to prevent epigenetic modification.

8.5 APPLYING THE LOGICAL CORE OF THE LORAX OUTSIDE OF LINEAGE

TRACING

8.5.1 Compatibility of THE LORAX with other barcoding systems

The logical core of THE LORAX—pooling cells based on genetically-encoded labels captured
alongside multiple genomic and/or epigenetic features to evaluate the relationship between those
features—is broadly applicable to any system amenable to genetic barcoding. Systems where static
barcodes (e.g. CellTag (Guo et al., 2019)) are used to interrogate clone-specific heterogeneity, are
an obvious candidate, but labels need not necessarily mark clonal populations. For example,
sgRNAs in CRISPR perturbation screens can be used to tether multiple single cell molecular
measurements. Importantly, combinatorial indexing approaches are not required here, as both short
barcode integrants and sgRNAs can now be captured alongside scRNA-seq (Cao et al., 2018; S.
Chen et al., 2019; L. Liu et al., 2019; Ma et al., 2020; Xing et al., 2020; Zhu et al., 2019) and
scATAC-seq (Pierce et al., 2021; Replogle et al., 2020; Rubin et al., 2019) via droplet-based

methods.
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8.5.2 Lineage tethering of multiple features as an alternative to co-assays

In some applications, THE LORAX has several advantages over traditional co-assays of
expression and accessibility where both features are measures in the same single cells (Cao et al.,
2018; S. Chen et al., 2019; L. Liu et al., 2019; Ma et al., 2020; Xing et al., 2020; Zhu et al., 2019),
as well as computational integration methods which merge single cell expression and accessibility
datasets (Y. Lin et al., 2021; Stuart et al., 2019). First, existing co-assay methods are relatively low
resolution compared with methods which profile each feature separately; thus, associating single-
feature profiles via lineage relationships improves resolution at the single cell level. Second, by
aggregating profiles of closely related cells, I achieve higher statistical power to detect even rare,
heritable events. Third, though computational integration is possible in datasets composed of a
variety of cell types, it is less feasible in ones composed of different cell states where well-
separated clusters are not expected and stochastic factors often drive within-cluster positioning.
THE LORAX enables overlaying of expression and accessibility datasets without making a priori

assumptions about their relationship, as is necessary during computational integration.

8.6 CONCLUSION

In summary, I have shown that (a) progressive recording of lineage information across distinct
genomic loci, and their high rate of recovery alongside sci-RNA-seq, enables accurate
reconstruction of cell lineage trees; (b) aggregating expression profiles of closely related cells
reveals abundant, and progressively acquired heritable expression variation, even in non-

differentiating cells; and (c) we can investigate the relationship between multiple features—like
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expression and chromatin accessibility—by tethering them via concurrently captured lineage

profiles.

8.7 CLOSING REMARKS

Reflecting on the work I have produced in graduate school, I note that an inclination towards
simplicity has been a driving force in my development as a scientist. I leave you with a few closing

remarks outlining my hopes for the development of our field.

When extracting meaning out of large datasets, visualization is often key. Across scientific
disciplines, tools which enable direct observation of previously unobservable phenomenon (e.g.
microscopes, telescopes, X-rays) have transformed entire fields. Our desire to see our object of
study is unsurprising: our eyes are the most sophisticated pattern finding tool we have. With the
explosion of high throughput sequencing and single cell methods, our ability to collect large
amounts of data quickly has skyrocketed. Visualization methods — UMAP, pseudotime
trajectories, RNA velocity, to name a few — have followed. But the interpretability of these visual
outputs relative to the data is a major challenge in the field (Lange et al. 2022). Yet it has become
all too easy — expected, even—to perform a standard set of analyses on single cell datasets,
generating beautiful but often information-limited (or, in the worst case, misleading)
visualizations, which are highly dependent on a set of complex and subjective parameter choices.
Our fine-tuned ability to see patterns has become a liability in the face of tools so vulnerable to

visual artifacts.

As our data has grown more complex, I fear that we have placed undue value on complex visual

outputs. I believe the ability to envision and construct simple visualizations from scratch holds
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incredible power — it gives us the confidence to start with the questions we have rather than relying
on the questions previously asked. It is my hope that we see growing emphasis on the development

of these skills during scientific training and stive for simplicity and interpretability in our visuals.

My second hope is that, in the field of genomics technology development, we do not lose sight of
the power of simple systems to optimize complex technologies. Rapid advances in genome and
epigenome manipulation have paved the way for ingenious ideas (e.g. mutation-based lineage
tracing, massively parallel assays), astonishingly beautiful in their logical simplicity and
tremendous potential, but exceedingly difficult to actualize fully. I strongly suspect that the
potent incentives to rapidly apply nascent technologies to increasingly complex systems, and the
relative de-emphasis on technical optimization in simple systems, ultimately lengthens our path

to fully realizing their potential.

It is an incredibly exciting time to be working in the field of genomics. I anticipate continued and
rapid refinement of technologies in lineage tracing and single cell profiling, among others, and

look forward to seeing the breadth of biological insight to which they will inevitably give rise.
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APPENDIX A: DATA AND CODE AVAILABILITY

Raw and processed data and code are available on GEO (GSE201339) & Github
(https://github.com/minkinaa/TheLorax). See README on Github for further details.
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