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ABSTRACT

Dividing and differentiating cells form exquisitely organized structures across every facet of
multicellular life. If we could measure the complete history of cells as they divide, change
transcriptional state, and move spatially, we could address critical questions about stem cell
differentiation, development, and the onset of disease. However, determining cellular
ontologies is challenging except in rare cases where continual optical access is possible. Base
editing technology enables the generation of stochastic, heritable mutations into genomic
DNA while cells grow and divide. Comparing mutation patterns between cells allows
inference of their lineage relationships in a manner analogous to evolutionary phylogenetic
reconstruction. Here, we present two phylogenetic recording systems that enable high
resolution lineage reconstruction over long time scales. In the first system, termed
baseMEMOIR, we introduce a multiplexed, genomically dispersed set of editable targets that
can be read out by imaging in situ. This system preserves spatial organization of cells and is
compatible with downstream transcriptional measurements. In the second system, which we
term the hypercascade, we take advantage of the predictability of A-to-G base editing to
create a system in which edits not only alter bases but also generate new editable target sites
in synthetic sequences. This behavior linearizes the rate at which mutations accumulate,
improving lineage reconstruction. These methods enable analysis of temporal dynamics in

diverse biological contexts.
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Chapter 1

INTRODUCTION

Multicellular organisms arise from a bifurcating lineage dating back to a single cell

Most multicellular organisms begin as a single fertilized egg, which undergoes repeated
rounds of cell division, transcriptional differentiation, and spatial organization to become a
unified adult comprised of anywhere from several (for example, the four-celled algae
Tetrabaena) up to quadrillions of cells (in the case of the blue whale). These cells cooperate
to enable sophisticated functions and adaptation to environmental niches. Understanding the
self-assembly process of multicellular life and the extent to which developmental blueprints
are encoded into that initial cell are fundamental questions that have fascinated biologists

since the conception of the field.

Some organisms have a deterministic lineage structure

Several invertebrate organisms, including ascidian' and nematode*”’ species, have tightly
controlled lineage relationships between individual cells. Cell divisions happen in a
stereotyped manner across all individuals, generating adult animals with an identical number
of cells that are positioned to form identical structures. Early studies took advantage of this
feature, as well as the translucent nature of these embryos, to manually track cell division
events either throughout the entire developmental process of the organism* or until visual

tracking of individual cells became impossible'-.
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In these cases, a combination of asymmetric cell division and specific intercellular

interactions underlie the observed lineage determinism®. For example, PAR proteins in C.
elegans generate spatial asymmetries within cells prior to division, leading to differences in
transcriptional content among their cellular progeny”!°. This type of development has
sometimes been called “mosaic”, to contrast a “regulatory” form of development which is

dominated by cell-cell interactions'!.

Even so, no known embryo truly represents the platonic ideal of either mosaic or regulative;
all cases are instead a combination of these two archetypal modes of development!"!?. For
example, even in organisms with deterministic lineage relationships, extrinsic signaling can
be critical to differentiation and correct spatial organization. Tail muscle specification in the
ascidian embryo is driven by an asymmetric division partitioning the Macho-1 gene, which
triggers a transcriptional cascade culminating in tail muscle fate'!. However, differentiation
of a subset of cells that contain Macho-1 is tempered by short range intercellular signaling
mediated by FGF9'!!. Similarly, multiple intercellular signaling pathways interact to enable
C. elegans vulval development, including EGF, LIN-12/NOTCH, and Wnt>!3. Even in these
cases, due to tight control of the interactions at play, each organism exhibits a deterministic
lineage. It is therefore important not to conflate a deterministic developmental lineage with

purely cell intrinsic specification of fate.

Interestingly, deterministic lineage is not a feature of all nematode species. Related species,
including 7. diversipapillatus and species of order Enoplida, form a loosely-organized

blastocele in early development with interindividual variability from the early stages, rather
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than the stereotyped asymmetrical cell divisions characteristic of C. elegans'*'°. This

dramatic deviation in lineage structure nonetheless yields robust worms with body plans and
organs similar to those of the deterministic nematodes. Formation of a blastocele prior to
germ layer specification is more common across the animal kingdom, and the species
described here are anciently related to nematodes that undergo deterministic development; it
thus appears that stereotyped development is an evolutionary adaptation, potentially enabling
more rapid embryo formation!>!®, Further comparative study across nematode species could
reveal genetic circuits controlling early developmental trajectories, with exciting

implications for the growing field of synthetic morphology'”8,

Most animals exhibit complex developmental flexibility

Vertebrate, including mammalian, development typically generates organisms with
considerable variability in size and cell number across individuals within a species. From
early stages, development is plastic and can accommodate dramatic perturbations. At the
same time, healthy individuals form broadly similar structures throughout development and
robustly accomplish similar functions. How are multicellular structures formed and

maintained in this flexible context?

Part of the answer to this question is progressive restriction of cell fates, sometimes called
cell-fate commitment. Initially, all cells in the early embryo have the potential to generate
progeny of all final cell types in the adult organism. However, this developmental potential
is progressively stymied, with progeny being able to take on smaller and smaller subsets of

fates until they can take on no more, reaching a state of terminal differentiation. Waddington
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likened this process to a ball rolling down a hill with channels carved into it'®; at branch

points, the ball will take one channel and be cut off from the others. The landscape itself, he
supposed, was controlled by the expression levels of underlying networks of genes'®. This is
not far from modern understanding of the differentiation process, where cell states are

understood as attractors in a dynamical gene expression space®22.

The paradigm of differentiation as generation of and movement between attractor states can
explain some features of stochastic developmental processes. For example, mouse embryos
begin as a blastocyst composed of an outer layer of cells which go on to become the placenta
and an inner cell mass (ICM) which forms all other future cell types?. In the earliest fate
decision within the preimplantation mouse embryo, ICM cells specify into either the epiblast
fate, which will go on to populate the tissues of the adult organism, or the primitive
endoderm, a supportive extraembryonic cell type. In contrast to the stark control mediated
by asymmetric cell division that we see in C. elegans, fate choice in this context is driven by
a mutually repressive interaction between two genes, Gata6 and Nanog, further modulated
by extracellular Fgf4 signaling?*?°. This genetic circuit serves to amplify small, stochastic
initial differences in Gata6/Nanog, robustly generating populations of cells with the desired

proportions by leverage heterogeneous noise.

Embryonic development additionally features stereotyped cell migration events, where
populations of cells from one region travel across the embryo to populate different areas,
often while simultaneously differentiating. In mouse development, gastrulation begins with

epiblast cells generating a region known as the primitive streak. Cells at the primitive streak
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then undergo an epithelial-to-mesenchymal transition and migrate large distances toward

both the proximal and anterior portions of the embryo, a process known as ingression®®. The
timing of ingression is thought to dictate the fate of cells leaving the streak, with early cells
generating extraembryonic mesoderm at the proximal end of the embryo and later cells
generating more distal mesodermal fates and the definitive endoderm layer®. These
decisions are at least partially the consequence of extracellular Nodal signaling during streak

ingression?’.

How migration interacts with cellular lineages, and the extent to which cellular lineage plays
a role at different phases of development, remain open questions. Seminal clonal tracing
studies used injected labeling techniques to track the progeny of single cells labeled at
approximately the onset of primitive streak formation (E6.7) through the onset of
gastrulation, to the late streak stage (E7.5)*%%°. Widespread mixing of cells was observed in
the epiblast during this critical period, and intriguingly descendants of a single cell could be
found widely spread and present in different germ layers. In fact, only 56% of epiblast cells
at this stage had progeny confined to a single germ layer, suggesting a limited role for cell
intrinsic bias at this stage””. More recent timelapse light-sheet microscopy has confirmed
mixing and migration of the epiblast, primitive streak, and mesoderm during these critical

stages*-31,

Although we know broadly that cells progressively reduce their capacity to form diverse cell
fates through development, encounter signals driving spatial positioning, and control their

population size to meet the functional needs of the organism, it isn’t clear how these
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phenomena integrate with the bifurcating cellular lineage underlying each organism. It has

not been possible thus far to capture complete lineage histories for opaque animals with
billions to trillions of cells, such as mice or humans. This capability could allow us to
understand the extent and timing of fate determination across development and to tease apart
the effects of the intrinsic and extrinsic factors that cells use to assemble themselves into

functional organisms.

Targeted DNA mutations enable lineage tracing between single cells

Recent advances in genomic editing enable a new strategy for recovering detailed cellular
lineage relationships: cell divisions can be genetically recorded and recovered after the fact?*
4, Much as mutations in DNA sequences enable recovery of the phylogenetic relationships

between different organisms at the evolutionary level, heritable marks made on the timescale

of cell division encode the lineage history between single cells.

Somatic mutations have potential in this regard***’. However, these methods are limited by
the ability to recover mutations at scale: somatic mutations occur sparsely across the entire
genome, and thus the entire genome must be sequenced to identify mutated regions.
Currently, whole genome sequencing of single cells is technically challenging and
inefficient, especially when attempting to combine with other modalities like transcriptional
profiling. Lineage tracing based on mitochondrial mutations®*>? is also promising, especially
since these are frequently recovered as a byproduct during single cell RNA sequencing™,

however inference is hampered by the fact that multiple mitochondria are present in the same

cell and may have distinct genomic sequences (heteroplasmy).
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To address these challenges, recent work makes use of exogenously introduced proteins,

typically CRISPR effectors or integrases, to write mutations to relatively short pieces of
DNA that can either be expressed on a single transcript or amplified directly from the genome
using the polymerase chain reaction (PCR)****. Most methods to date have focused on

32-37,39-43

barcodes that can be captured through sequencing , which requires sample

dissociation and loss of spatial resolution. Using these techniques, researchers have explored

clonal dynamics in processes ranging from cancer metastasis®* to zebrafish embryogenesis.

Spatial relationships are critical to understanding a variety of processes, especially
organismal development. To that end, some groups have constructed phylogenetic linecage
tracing systems where mutations are designed to be recovered directly from microscopic
imaging methods®*#*4>, Early work was limited in the number of available mutable sites, but
nonetheless was able to tease apart relative impacts of intrinsic and extrinsic cellular signals
during drosophila brain development*. Recent work has built on these early examples to
recover more detailed and accurate lineage trees by dramatically multiplexing the number of
target sites present in the genome?®. It is a matter of time until these systems are sufficiently
powered to fully record lineage relationships across the entirety of mouse development and

beyond.

Summary

Organismal development is variable amongst species and incompletely understood.
Timelapse microscopy, clonal tracing, and transcriptional sequencing have shed light on

specific cases, but we don’t have a broad picture of development except in limited contexts.
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Phylogenetic recording strategies have the potential to record detailed lineage histories that

can be recovered at scale after the fact in snapshot measurements, however they have been
limited in depth and accuracy of reconstruction. To address these issues, we developed two
new lineage tracing systems with unique capabilities. Chapter 2 describes the design of a
highly multiplexed dinucleotide editing system, termed baseMEMOIR, which contains 792
bits of writable memory enabling detailed lineage reconstruction without disrupting the
spatial context of cells. We demonstrate application of baseMEMOIR to in vivo mouse
development, recording lineage relationships in gastrulating embryos. Chapter 3 describes
the hypercascade, a strategy for linearizing the kinetics of phylogenetic recording through
generative editing. We suggest through simulations that hypercascade editing has the
potential to record not only lineage relationships, but also dynamic epigenetic transitions at
the single cell level. We envision that both systems will have their place in addressing

biological questions in the years to come.



Chapter 2

RECONSTRUCTING CELL HISTORIES IN SPACE
WITH IMAGE-READABLE BASE EDITOR RECORDING

Adapted from:

Chadly, D. M., et al. (2024). "Reconstructing cell histories in space with image-readable base
editor recording”. BioRxiv. doi: 10.1101/2024.01.03.573434.

Introduction

Cells divide, differentiate, and move to form exquisitely organized structures. Reconstructing
the dynamic histories of individual cells, particularly their lineage relationships, could enable
researchers to understand how tissues form, analyze the roles of intrinsic and extrinsic
determinants of cell fate decisions, and reveal how processes are dysregulated in disease™.
Recent advances in single cell sequencing and spatial genomics now allow us to capture
single cell states at specific moments in time>*>°. However, with a few exceptions®’, the

histories of those cells have largely remained hidden.

Researchers have sought to address this challenge through engineered recording systems,
which progressively introduce stochastic edits in genomically integrated barcode sequences
as cells proliferate. Systems such as GESTALT??34 CARLIN®®, LINNAEUS*, SMALT?,
and the homing CRISPR barcoded mouse®**’, use CRISPR/Cas9 or recombinases to edit
designed target sequences, relying on next generation sequencing to read out edited barcodes.

Alternative systems, including CAMERA, leverage CRISPR base editors to generate more
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specific types of barcode diversity.®*° Further, prime editors introduced an additional

paradigm for phylogenetic recording, sequentially inserting short nucleotide motifs for
genomic information storage.*!™ In all of these systems, lineage relationships between
individual cells are reconstructed from each cell’s unique pattern of target site edits, in a

manner analogous to sequence-based phylogenetic reconstruction.5%¢!

These techniques can be powerful in their ability to recover lineage but disrupt spatial
organization. A parallel set of methods were developed to allow barcode editing in ways that
allow readout of edits and cell states by imaging***. For example, previous MEMOIR
(Memory by Engineered Mutagenesis with Optical In situ Readout) systems showed that it
is possible to stochastically and irreversibly edit engineered DNA barcodes, or ‘scratchpads,’
using CRISPR/Cas9* or an integrase®, and then read out those edits by imaging. However,
these methods were limited in accuracy by relatively low numbers of mutable target sites,
which serve as memory in the genome, typically providing at most 16 bits of information
storage®. Recently, a prime-editing-based lineage tracing system compatible with imaging
readout demonstrated a system with roughly 30 mutable target sites per cell, increasing
theoretical information storage to approximately 270 bits per cell by increasing the number
of mutation outcomes*®. Although impressive, limitations in barcode recovery during readout
and issues of homoplasy during lineage reconstruction will require additional memory if we

are to obtain lineage relationships with perfect accuracy at the whole-organism level®®,

Previously, we showed that in situ T7 transcription can amplify genomic DNA into localized

RNA clusters, which can then be competitively probed to discriminate single base edits®?. In
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this strategy, termed “Zombie,” a genomic DNA of interest can be maintained without

transcription in live cells, transcribed after fixation with the addition of T7 polymerase, and
finally detected by RNA-FISH. Zombie transcription avoids silencing problems that occur
when barcodes must be continuously transcribed in live cells, generates large quantities of
RNA that spatially localize around the active site of transcription, can detect mutations at
single nucleotide resolution, and is compatible with subsequent sequential rounds of FISH
to detect endogenous gene transcripts. Zombie enables readout of dense editable memory

arrays, expanding the capacity of MEMOIR approaches.

Here, we introduce “baseMEMOIR”, a multiplexed phylogenetic recording system which
enables detailed recording of lineage relationships over time in a manner compatible with
recovery of spatial position and gene expression patterns (Figure 1A). We distributed
mutable synthetic DNA sequences at high copy number randomly across the genome of
mouse embryonic stem cells. These targets can be edited by the CRISPR A-to-G base editor
(ABE), which complexes with guide RNAs to specifically mutate target sites within our
synthetic sequences. For tight control of editing, we used two inducible systems to control
the base editor (the TRE3G Tet-On system) and guide RNAs (either controlled by a Wnt
responsive promoter or the TRE3G system) respectively. On induction, mutations occur at a
rate commensurate with cell division and are passed down from parent cells to their progeny
through DNA replication, creating lasting marks that link related cells to one another. We
then recovered mutation states through microscopic imaging and applied Bayesian
phylogenetic tools to infer lineage relationships as well as transcriptional state dynamics and

spatiotemporal histories in a unified manner. By comparing the distinct pattern of mutations
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in each cell after a series of divisions, we were able to reconstruct phylogenies and estimate

uncertainty in both tree topology and the timing of past cell divisions.

To demonstrate the capabilities of baseMEMOIR, we applied this system to estimate state
switching rates and probable past cell states along lineages of dividing mESCs grown in
serum-LIF conditions in the presence of a Wnt agonist. We find that mESCs grown in these
conditions undergo reversible transitions between formative and 2C-like states, with an
intermediate naive state that can be broken up into three distinct subclusters. Each state and
subcluster, in addition to being transcriptionally distinct, is further distinguished by a set of
allowed state transitions. Spurred by these results, we applied baseMEMOIR to identify
lineage relationships up to E7.5 during mouse development in vivo using tetraploid
complementation. The baseMEMOIR cell lines and platform can be applied, and further
scaled, in any model system that permits genetic engineering, opening up spatially resolved

analysis of embryonic development and other processes.

Base editing can enable lineage recording with spatial readout

To ultimately capture detailed lineage relationships between cells while maintaining spatial
context, we first sought to design an image-readable stochastic base editing system. One
possible system would use designed target sequences that would be editable at a single base.
For example, the A-to-G base editor ABE could target a set of defined sequences to
stochastically edit each target site. However, this scheme is susceptible to convergent edits
in unrelated cells, i.e. homoplasy. In the limit of complete editing, every editable A would

be converted to a G in all cells, and no lineage information could be recovered.



13
To circumvent this issue, we used a modified design which takes advantage of the ability

of the ABE to stochastically edit target sequences into one of multiple stable outcomes®. In
our case, AA dinucleotide sequences in the target window are converted to any of three edited
end-point states (GA, AG, or GG) (Figure 1B). Critically, because the GA and AG states
each disrupt binding to the base editor gRNA, they are not expected to undergo further
editing to GG. This dinucleotide editing scheme in principle reduces the likelihood of
convergent editing and prevents the effective “erasure” of recorded information at long

times.

Based on this principle, we designed a library of barcoded, editable target arrays that could
be integrated into the genome (Figure 1C). Each target array contained 6 tandem editable
target sites, with unique protospacer sequences outside of the AA dinucleotide, so that each
of the six target sites required a distinct gRNA sequence for editing (Figure 1C). The arrays
were flanked with piggyBac inverted terminal repeats, to enable high-copy-number genomic
integration. To distinguish different integrations from one another, we also incorporated two
static (non-editable) random barcodes: first, a 10bp barcode (10° variants), for compact
readout by sequencing; second, a pair of static 80bp image-readable barcode sequences, each
of which could take on one of 200 possible sequences, for a total diversity of 200? = ~10*
unique barcodes (see Methods for construction of plasmid libraries). Finally, to enable
imaging-based “Zombie” readout of edits, the arrays incorporated a T7 promoter upstream

of the editable array (Figure 1C)%.
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To mutate targets at a tunable rate, and create the potential for signal recording, we built

constructs that allow inducible expression of the ABE and gRNAs. ABE expression was
placed under doxycycline (dox) control using the Tet-ON system, by stably integrating the
reverse tetracycline-controlled transactivator (rtTA) (Methods)**. gRNAs were also made
Whnt-inducible by expressing them from the 3 UTR of an mTurquoise reporter gene under
the control of a Wnt-responsive element**% (WRE). This promoter is active only in the
presence of Wnt signaling ligands, and can be driven by the small molecule GSK-3 inhibitor
CHIR99021 (CHIR)*®. To generate fully functional gRNAs after expression, we flanked
each gRNA with previously described ribozyme sequences®. After stable co-integration in
mESCs using piggyBac transposition, we identified a clone, termed baseMEM-01, which
contained 66 genomically-dispersed array copies with diverse static barcodes (Figure 1D,
Supplemental Figure 1). This cell line allowed recording in live cells with imaging-based

readout of barcode base edits, static barcode sequences, and endogenous gene expression

using multiple rounds of hybridization and imaging>* > (Figure 1E).
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Figure 1: Multiplexed, genomically dispersed, editable barcodes enable detailed recording of lineages over many
generations with in situ readout. (A) Detailed lineage trees can be measured alongside transcriptional cell states while
maintaining spatial context through phylogenetic barcoding. (B) Predicted stochastic editing of AA dinucleotides results in one
of three terminal outcomes. (C) An inducible barcode editing system can be integrated into cells at high copy number via piggyBac
transposase. Target arrays (top) contain six AA dinucleotides flanked by unique protospacer sequences as well as sequencing and
imaging-readable static barcodes which serve to uniquely mark different genomic integrations of the array. Editing is induced by
expression of guide RN As (middle), controlled by a Wnt-responsive element, and base editor (bottom), controlled by the TRE3G
tet-on promoter. (D) We engineered a monoclonal mESC line containing 66 uniquely labeled target array copies (396 editable
dinucleotides, or 792 bits of information) alongside the inducible editing machinery. (E) This cell line enables genomic recording
and recovery through FISH imaging and phylogenetic tree inference.

Induction drives editing into diverse mutational states

Since lineage recording depends on edits being accumulated on the timescale of cell division,
we next sought to analyze inducible base editing using the system. We exposed baseMEM-
01 mESC cultures to the inducers CHIR, doxycycline, or both, over an 8-day period, a
timescale long enough to allow multiple stem cell generations and, in an embryonic context,
approach gastrulation. We collected samples at multiple time-points (Figure 2A). We then

analyzed the editable barcodes by next generation sequencing.
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Edits accumulated at all six target sites (Figure 2B). Without induction and in the absence

of dox, some editing was observed. However, the fraction of such background edited sites
generally remained constant during the time course, consistent with transient background
editing during cell line construction, but minimal basal editing in stable clones. By contrast,
in the presence of both CHIR and dox, edits accumulated rapidly at a rate that was well-fit
by a model of editing with distinct edit rates at each site (Figure 2B, solid lines).
Interestingly, in the presence of dox alone, editing still occurred, albeit at an attenuated rate.
This non-zero edit rate could be due to basal transcriptional activity of the WRE promoter or
to activation of gRNA expression by low levels of endogenous Wnt signaling in the mESCs.
However, these results showed that doxycycline, with or without CHIR, could provide tight

control of edit rate, making the line sufficient for lineage recording.

Next, we analyzed the distribution of edit outcomes at each site. Different sites exhibited
distinct ratios of edit outcomes (Figure 2C). For example, site 6 exhibited a strong bias
towards GA, and relatively little editing to AG. By contrast, sites 1 and 4 were more uniform
in their outcomes. These differences in outcome bias across target sites are likely driven by
differences in the sequences surrounding the dinucleotide for each target, which is known to
impact CRISPR-Cas9 cleavage®’ and base editing®. Regardless of how edits were biased,
however, all target sites exhibited constant biases over time, consistent with the notion that
bias is an intrinsic feature of the sequence context (Figure 2C). Most importantly, this
consistency indicates that the GA and AG edit outcomes are stable for at least 8 days and do

not become further edited to GG over the timescales of these experiments. These results thus
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validate the design goal of using inducible base editors to produce multiple distinct,

individually stable states.
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Figure 2: Dinucleotide targets accumulate edits over time in engineered mESCs. (A) Next generation amplicon
sequencing quantified editing over time after induction of gRNAs and ABE. (B) All targets edited over time in the presence of
the two inducers together, although at distinct rates (B, purple). Dox induction alone drives editing at a slower rate (B, blue).
In the absence of dox, editing does not proceed at an appreciable rate (B, red and gold). Three biological replicates were
collected for each time point. The solid purple line shows the fit for a probabilistic model of editing over time (Methods). (C)
Each target has a unique distribution of editing outcomes that remains constant as editing progresses.

Imaging recovers edited barcode sequences

We next turned from editing to imaging readout. In situ barcode readout creates the
opportunity to assay lineage relationships without disrupting spatial relationships among
cells. We developed an assay to readout barcode sequences through multiple rounds of single
molecule RNA FISH (smFISH). We cultured BaseMEM-01 cells for 3 days — long enough
for several cell generations — under editing conditions (3 uM CHIR, 1 pg/mL dox). We then
fixed cells and performed in situ T7 transcription of barcodes using the previously described
“Zombie” approach®” (Figure 3A, upper and lower left panels). Next, we hybridized pools
of 24 primary probes designed to bind to one of the four possible dinucleotide states in each

of the six target sites (Figure 3A, B). During hybridization, we also included three primary
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probes for each of the 400 different 80bp potential static barcode sequences, for a total of

1,200 probes altogether (Figures 1C, 3A, B). We also included additional primary probe sets
to analyze 12 different endogenous mRNAs, known to distinguish mESC pluripotency states

in serum-LIF media®*%® (Figures 3A, C) (Methods).

After hybridizing all primary probes, we sequentially added sets of fluorescently-labeled
secondary probes, designed to hybridize to corresponding “overhang” sequences engineered
in the primary probes (Figure 3A, lower panels). For each set of secondary probes, we
imaged cells in all channels and then stripped secondary probes to enable the next round of
secondary hybridization and imaging. We used two orthogonal fluorescent channels to halve
the number of rounds of hybridization required (Methods). We also labeled membranes with
dye-conjugated wheat germ agglutinin to enable cell segmentation. All imaging was
performed on a wide-field fluorescence microscope equipped with an automated fluid
handling system similar to those described previously®*>°. This procedure, similar to that

44,45 54-56,62,69-72

used for seqFISH and related approaches , allowed us to systematically probe
dynamic barcodes, static barcodes, and endogenous genes over a total of 50 rounds of

hybridization and imaging.

In the resulting image sets, individual target arrays could be identified as bright spots across
multiple rounds of imaging. Most dynamic barcodes and static barcodes could be uniquely
identified by a pseudocolor or set of pseudocolors (rows in image grids, Figure 3B). We
developed a computational pipeline to detect target array spots and classify the barcode states

within each target array (Supplementary Figure 2). Across 8 mESC colonies, we were able
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to detect roughly 50-80% of the 66 uniquely integrated target arrays in any given cell

(Figure 3D). One colony had many fewer arrays detected than the others and was excluded
from subsequent lineage analysis. The fractional detection of each unique barcode integration
among all cells was broad but unimodally distributed, consistent with noisy detection
efficiency in the absence of strong systematic differences among integration sites (Figure
3E). Overall, after applying quality controls, we detect roughly 200 high confidence dynamic
characters, i.e. editable dinucleotides, per cell (Figure 3F). Of most direct relevance for
lineage reconstruction, with these detection statistics, ~100 shared characters could be

confidently recovered in both members of any cell pair.
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Figure 3: Multiple rounds of Zombie-FISH recover dynamic and static barcode states. (A) Barcode states can be
recovered across multiple rounds of microscopic imaging. Ectopic application of T7 polymerase generates localized RNA
clusters. Primary DNA probes are bound to the dynamic and static barcodes as well as to endogenous transcripts, competing
primary probes against each other for binding to the different possible dynamic barcode variants. Each primary probe has an
overhang sequence allowing for binding of one or more fluorescently labeled secondary probes, which are hybridized, imaged,
and stripped away sequentially to recover barcoding (B) and transcriptional (C) information. (D) Across eight colonies, we
recovered 50-80% of target arrays per cell. One colony had dramatically lower barcode recovery and was excluded from further
analysis (D, colony 1). (E) Each unique target array is recovered in a similar fraction of cells. (F) We recovered approximately
200 dinucleotide dynamic targets with high confidence per cell, with around 100 of these measured jointly between any pair of
cells. Scale bats are 20 pm.

Dynamic barcodes are accurately classified by Zombie-FISH

To verify the accuracy of our pipeline to recover all dinucleotide mutation patterns from
Zombie-FISH images, we constructed four independent polyclonal cell lines with mock
barcode arrays containing prescribed editing patterns (Supplemental Figure 3A, Methods).
These arrays span the space of possible editing outcomes for each of the six ABE targets.
We cultured these lines in a mixture and applied Zombie-FISH, probing for dynamic and

static barcodes (Supplemental Figure 3B).

Cells of each type were easily distinguishable based on their static barcode content
(Supplemental Figure 3B). To be extremely confident about the ground truth of all dynamic
barcode states, we excluded cells with fewer than four observed barcode integrations
(Supplemental Figure 3B, right). We then classified dynamic barcodes using our standard
pipeline and asked how closely our classifications matched the actual ground truth arrays.
We found that most classifications are 95-100% accurate, although there is a single outcome
(the GG mutation on target 4, Supplemental Figure 3C) which is frequently misclassified
to another character. Overall, we estimate very low experimental error rates as a function of
barcode edit saturation given the observed distribution of edit outcomes measured by

sequencing (Supplemental Figures 2D, 3C).
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Simulations show that baseMEMOIR can accurately reconstruct detailed lineage

trees

We next asked how the depth of tree reconstruction depends on the distribution of shared
characters between cell pairs, as well as other parameters, such as the rate and uniformity of
cell divisions, the rate of editing, and the duration of recording. To address these questions,
we simulated barcode recording and recovery. During the recording phase, we simulated
editing within a single initial cell and its progeny for up to 12 cell generations (Figure 4A,
left), setting barcode edit rates based on our time course editing dataset (Figure 2B, C,
Supplemental Figure 4). To simulate incomplete recovery of edit patterns, we stochastically
subsampled the resulting barcode sequences corresponding to the observed empirical
recovery distribution after hybridization and imaging (Figure 3F). As a result, different cell
pairs shared different fractions of recovered barcodes (Figure 4A, middle right). Finally,
we explored a filtering strategy to improve reconstruction accuracy (at the cost of reduced
numbers of cells per tree) by restricting analysis to cell pairs with a minimum number of

shared recovered barcodes (Figure 4A, right).

Next, we reconstructed lineage trees and compared them to the ground truth trees from the
forward simulations (Figure 4B). As a metric of reconstruction accuracy, we used the
normalized Robinson-Foulds distance, which quantifies the fraction of unmatched branches
between the ground truth and reconstructed trees. For reconstruction, we adapted the
Bayesian BEAST?2 phylogenetic reconstruction framework, by incorporating a custom base

editing model”® (Methods). BEAST2 uses Markov Chain Monte Carlo (MCMC) sampling
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to estimate the posterior probability distribution over different tree topologies and other

system parameters. Briefly, it samples a forest of possible trees in proportion to their
probability density (Figure 4B). As a Bayesian method, it allows for model-based inference,

explicitly incorporates prior knowledge, and quantifies uncertainty in reconstruction.

In the ideal case of full recovery of all barcode edits in all cells, we obtained near perfect
recovery of full lineage relationships for trees up to 12 cell divisions deep (Figure 4C). When
~50% of barcodes were lost, error rates for the same 12 generation tree increased to ~10%.
However, this error rate could be reduced by restricting analysis to cells sharing at least 75
jointly measured barcode positions (Figure 4C). In contrast to the simulations, the
experimental system could introduce additional factors such as errors in barcode readout,
variability in mean edit rates between cells, and pre-existing edits in the ancestral (root) cell.
Nevertheless, these simulations suggest that baseMEMOIR, with empirically observed error
and edit rates, should be capable of reconstructing multi-generation lineage trees with cell

cycle resolution at ~90% accuracy.
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Figure 4: Lineage can be accurately reconstructed for at least 12 generations in simulation. (A) To estimate the expected
accuracy of reconstruction, we simulated cell division and stochastic editing starting with unedited barcodes, represented as sets
of AA dinucleotides (left) over time to produce heterogeneous edit patterns. We then either retained all sequences or dropped
50% of the data to represent random FISH detection losses, and filtered out cells that had few barcode characters overlapping
with those measured in other cells (tight). (B) Based on these ground truth simulations, we reconstructed lineage relationships
and computed the Robinson-Foulds distance between the ground truth input (left) and reconstructed output (right) trees. (C)
Reconstruction accuracy was neatly perfect without barcode dropout (datk blue dots). With dropout, we observed ~ 10% error
rates with tree depths up to 12 cell generations (C, gray dots). In the presence of dropout, filtering cells with few shared units
moderately improved the reconstructed tree (C, light blue dots).

BaseMEMOIR reconstructs lineage trees in mESC colonies

mESCs are known to undergo spontaneous reversible transitions among a set of molecularly
and functionally distinct cell states, ranging from 2C-like to formative and primed epiblast-
like states, in serum-LIF conditions®**%™*7° A fundamental question about the mESC state-
switching process is the structure of the transition graph, i.e. which transitions occur and at

what rates, and how those rates are influenced by input signals. In particular, CHIR, a Wnt
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pathway agonist that is often used to maintain pluripotent cells, could impact the observed

cell states and their transitions. Although CHIR is known to promote expression of key
pluripotency genes and self-renewal in this system’>’680% the effects of CHIR on single

cell state transition dynamics remain unknown.

To study these dynamics, we grew mESC colonies over a three-day period in the presence
of CHIR and Dox, which also serve to induce editing (Figure SA). After three days, we
imaged the colonies as described above and recovered barcode states for seven colonies out
of eight total measured (Figure 3D). In addition to reading out barcode states, we also
recovered gene expression levels for 12 pluripotency state markers, then clustered to identify
5 gene expression states (Figure 5B, C and Supplemental Figure 5). We identified 3 major
cell states comprising the following: 2C-like cells with high expression of Zscan4C; naive
cells expressing transcription factors Nanog, Esrrb, and Zfp42; and formative cells that
express Otx2 and Dnmt3b in the absence of naive pluripotency factors and Zscan4C (Figure
5B). Naive cells exhibited a distribution of gene expression levels that varied from more 2C-
like to more formative (Figure 5B, C and Supplemental Figure 5). These states largely
correspond to those described in previous work>*®%"  although we observed high and
relatively homogeneous Tbx3 expression across all cell states, in contrast to observations of
cells grown in serum/LIF without CHIR>*%®, This difference is consistent with previous work

showing that Tbx3 is significantly regulated by CHIR in the observed direction®.

We next applied the BEAST?2 system described above to reconstruct lineage trees for cells

in these colonies. To incorporate information of cell state and spatial position, we extended
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the underlying editing model (Figure 4) to represent these additional cellular properties,

and thereby allowed simultaneous inference of cell state transitions and spatial movement
alongside cell lineage (Methods). Applied to the mESC colonies, this approach
reconstructed lineage relationships and division times with relatively low uncertainty in most
cases, as indicated by the limited “fuzziness” of the reconstructed trees (Fig. SD and
Supplemental Figure 6). However, there were some ambiguities in reconstruction. For
example, in Figure 5D, cell 23 is roughly equally likely to be a sister of cell 22 or cell 24.
This illustrates the way in which uncertainties in the Bayesian reconstruction still provide
specific alternative hypotheses rather than numerical confidence values. Additionally, in
some cases, we did not capture all neighboring cells, which may introduce branch lengths
longer than a single cell division (for example, see clades A and B of colony 7, Supplemental
Figure 6). Together, these results demonstrate that the recording system allows precise

lineage reconstruction of 3-day clonal mouse ESC colonies, with tree sizes of 30-50 cells.

The reconstructions also allowed estimation of cell state transition dynamics. To constrain
the transition model, we treated transitions as a reversible, symmetric, continuous time
Markov process (see Methods for discussion of these assumptions). Of the 10 possible
symmetric interactions, posterior estimates suggested that ~5 occurred at appreciable rates
during the growth of these colonies (Figure SF, G). A sixth transition, between 2C-like and
formative states, was suggested by a single event in colony 7 (Supplemental Figure 6). This
event is unexpected given previous inference of chainlike dynamics, with these two states at
opposite ends®®, however it could be a result of CHIR exposure, which was not present in

previous work. Further, a substantial amount of posterior probability indicates a negligible
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rate for this transition; more data would be needed to clarify this result (Figure SF,

Supplemental Figure 6). Overall, these reconstructions suggest frequent (median of 0.15
transitions per day across all colonies) transitions among Naive/2C-like, Naive, and
Naive/Formative states, and frequent conversion between Naive/2C-like and 2C-like states
(Supplemental Figure 6). Interestingly, the inferred transitions correlate with expectations
based on transcriptional similarity among states, even though this information was not

provided to the model (Figure 5B, C and Supplemental Figure 5).
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Figure 5: Joint measurements of lineage, gene expression, and spatial position reveal cell state transition dynamics.
(A) We recorded lineage relationships in mESC cells cultured in serum-LIF media over a 3-day period, inducing editing with 3
uM CHIR and 1 uM Dox. (B, C) Cells clustered into five states based on gene expression as measured by smFISH. Two clusters
were well separated from the other groups while three clusters appeared continuously related and expressed different levels of
key marker genes (see Supplementary Figure 4). (D-G) Lineage reconstruction infers topological lineage tree relationships, cell
division timing, ancestral cell states, and transition rates between those states. Uncertainty in lineage tree measurements is
visualized by overlaying trees sampled from the postetior distribution of trees generated by Markov chain Monte Catlo for each
colony (D, top; Supplemental Figure 5). Cell states and clade groups from the lineage tree can be mapped to the spatial colony
images to qualitatively inspect the relationships between cell state, lineage, and spatial location (D, bottom; Supplemental
Figure 5). (E) Spatial distance is larger between cells with more distant common ancestors. (F) Several cell state transitions were
inferred to have nonzero median values across all posterior samples. (G) These state transitions predict a restricted cell state
transition graph. One transition (denoted by *) contained a high fraction of posterior samples with a transition rate of 0. Numbers
indicate the median expected number of transitions per day for cells of the given type. (H) Several doublet motifs are significantly
over or underrepresented across the lineage tree posterior samples. N: Naive; 2: 2C-like; F: Formative; N2: Naive, trending to
2C-like; NF: Naive, trending to formative; MRCA: Most recent common ancestor.

BaseMEMOIR recovers lineage relationships, cell states, and spatial relationships in

mESC colonies

By mapping lineage trees back onto the original images, we were able to simultaneously
observe spatial and lineage organization of colonies (Figure 5D, lower panels). This analysis
revealed correlations between lineage history, spatial position, and cell fate. For example, in
Figure 5d, the related D and E clades contain Naive and Naive/Formative cells, and were
located towards the interior of the colony, while cells in clades A, B, and C were largely in
the Formative state and located around the periphery. Individual cell morphologies also
varied systematically, with cells in the periphery exhibiting larger sizes. Other colonies were
less radially structured but still showed strong correlations between spatial positions and
lineage relationships within each colony (Figure SE, Supplemental Figure 6). These results
show that it is possible to impose lineage relationships on spatial colonies with cell state

information.

Lineage motifs provide a complementary approach to analyzing cell state transitions®’. They

are defined as statistically over-represented patterns of cell fates on lineage trees, which
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reflect features of underlying stochastic cell fate control programs®’. As a simple example,

asymmetric division, in which sister cells acquire opposite fates, would be reflected in the
enrichment of opposite fates among sibling pairs (“‘doublets™). In contrast to the inference of
transition rates described above, lineage motifs can be identified with no assumptions about
an underlying model. Applying Lineage Motif Analysis®’ (LMA) to 1000 samples from the
Bayesian posterior tree distribution, we identified 4 overrepresented doublet pairs with an
adjusted p-value less than 0.05 for a majority of the posterior samples (Figure SH). These
cases involve siblings in the same state, consistent with infrequent state transitions. Siblings
in the formative state were the most overrepresented, mirroring results from the Bayesian
Markov model, which predicts the slowest transitions to and from the formative state (Figure

5F, H).

We also observe two statistically underrepresented heterogeneous sibling pairs (Figure SH).
The most underrepresented pair, containing naive and formative cells, was also qualitatively
consistent with predictions of the Bayesian Markov model, which identified a negligible
transition rate between these states. Additionally, the naive and naive/formative sibling pair
was also significantly underrepresented. This corresponds to the most rapid inferred
transition rate in the dataset (Figure SF), consistent with high rates of independent transitions
out of either the naive or formative states. Together, these results demonstrate how

baseMEMOIR’s lineage reconstruction ability allows inference of lineage motifs.

Finally, we combined the lineage reconstruction with spatial and cell state dynamics to infer

a property that would be difficult to analyze from sequencing-based readout or static
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snapshots alone: the relative spatial mobilities of different cell states. The inferred histories

of cell state and spatial position can be visualized (Supplemental Movies). These movies
represent one possible history based on a simple model of cell diffusion, taking the highest
credibility inference from BEAST2. Together, these results show how spatial position, cell
state, and lineage can be analyzed and reconstructed together, and used to infer features of

cell histories.

BaseMEMOIR is portable to in vivo systems

While there is a rich history of using engineered mESC lines to study embryonic
development in vivo through generation of chimeric embryos and tetraploid
complementation, many unresolved questions remain. For example, the origin of primordial
germ cells (PGCs) is not completely determined: canonically, they are thought to originate
from the extraembryonic mesoderm, but recent work suggests that there could be
contributions from the epiblast and earlier mesodermal lineages, or even directly from the
primitive streak®. While definitively addressing these questions is outside the scope of the
current study, we wanted to demonstrate that our system has the potential to tackle them in
an in vivo context. To that end, we applied baseMEMOIR to in vivo embryonic development

through tetraploid complementation (Methods).

One issue with using baseMEM-01 directly is that gRNA expression is driven by Wnt. As
the Wnt pathway is used extensively in development, constitutive overexpression leads to
developmental defects and nonviable embryos in vivo. To that end, we reengineered a

parental version of the baseMEM-01 cell line, which contained all constructs except the
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gRNA expression vector, to harbor a redesigned gRNA expression vector under control of

the TRE3G promoter (Methods). In this case, doxycycline induces expression of both base
editor and gRNAs. After engineering, we selected monoclonal lines and characterized editing
by next generation sequencing (Supplemental Figure 7). We used a single clone,

baseMEM-02, for subsequent in vivo experiments.

Initially, we attempted to form chimeric embryos by injection of baseMEM-02 directly into
E3.5 mouse blastocysts. We then reimplanted the resulting embryos into surrogate mothers,
and allowed development through day 7.5 with administration of dox in the mother’s food
and water (Methods). We isolated and sectioned the embryos, then attempted to identify
engineered cells through the presence of static barcode sequences by Zombie-FISH
(Methods), however we were not able to identify contribution of the cell line to the embryo

by this method.

We reasoned that lack of contribution could be related to the phenomenon of cell
competition, where cells with higher overall fitness actively induce apoptosis in cells with
lower fitness®* 3. Since our cell line has undergone extensive engineering and expresses a
number of transgenes, we speculated that they may not be able to compete with WT cells
present in the developing blastocyst. Critically, outcompeted cells can be fully competent to
form a normal embryo on their own in the absence of competition; for example, healthy WT

cells can be “outcompeted” by WT cells engineered to express a high level of Myc®.

d94—99

Hence, we decided to apply tetraploid complementation instea . In this assay,

developing embryos undergo electrofusion at the 2-cell stage, and are subsequently grown
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ex vivo until E3.5. This generates a blastocyst comprised of tetraploid cells, which are

competent to form some extraembryonic tissues but not tissues of the embryo proper®*°.

Injection of diploid cells at the E3.5 stage, followed by implantation into a surrogate mother,

thus allows engineered cells to populate the entirety of the developing embryonic tissues.

Following this strategy, we generated and isolated chimeric tetraploid E7.5 embryos
developed in the presence of dox fed to the mother through food and drink. In this case, we
found that baseMEM-02 cells populated all embryonic tissues, with no recording cells
identified in maternal tissues as expected (Figure 6A). Following barcode readout, we used
single molecule FISH to characterize expression of a panel of 63 genes in the developing
tissues (Supplemental Data). We observed patterns of gene expression characteristic of
embryos developing at this time point, and resolved expected cell types based on marker

gene expression (Figure 6B, C, Supplemental Data).

In tissue sections, we observed markedly lower recovery of barcodes than we observed in
cell culture (Supplemental Figure 8). Barcode editing also occurred at a lower rate in this
context (Supplemental Figure 8). We filtered cells with fewer than 75 measured barcode
characters, leaving a total of 605 of the 1134 recording cells captured within the sample
(Figure 6D, E). For this group of cells, we went on to reconstruct lineage relationships using
BEAST?2 (Methods, Supplemental Data). Due to the more limited editing and barcode
recovery, tree distributions were more uncertain than in the case of cell culture, and branch
lengths were highly variable across the posterior distribution of trees (Supplemental Figure

8J). We decided to focus further analysis on cladograms, ignoring branch lengths within the
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tree. To assess support for specific clades, we determined the maximum clade credibility

tree from the posterior distribution and computed the transfer score!® for each resulting clade
across the posterior samples. A number of clades scored above 70%, however many clades

were less certain (Figure 6D, Supplemental Figure 9).



35

Proximal

Anterior

Posterior

Dnmt3b

Bootstrap (%) Cell Types

100 Anterior primitive streak (APS)
Blood progenitors (BP)
75 B Caudal epiblast (CE)
B Caudal mesoderm (CM)
I Definitive ectoderm (DEct)
50 Definitive endoderm (DEnd
Early nascent mesoderm (ENM)
25 M Epiblast (EPI)
B Extraembryonic mesoderm (EM)
0 Haematoendcthelial progenitors (HP)

Late nascent mesoderm éLNM)
Primordial germ cell (PGC)
Primitive streak (PS)

i i v M Rostral neural plate (RNP)
Surface ectoderm (SE)
Clades Subclades
i i jii iv
1
2
3
4
5
6
7
8
9
10
F
Primordial germ cell Epiblast Primitive streak
0 0
5 50 . O * Distant relations
@ . 7
eN .
%‘E 2.5 * 5 . 6 Close relations
O .
EE . . *
EB 004 = = = = = = = — 5 .
80 S
c.=
5225 . 4 I
£ s . ® ® . . G
ag -5 . 5 EPI | EPI
5‘50 o ____ L2 L . =035 )
W w w g T o Lgoon o oW 0w owg O < p=28e05
T Edaf 5 © %§82&818§§§§m Iogu.ﬁu.&cugﬁg g £ -
< a < o A w3 <A o5 £ .
H E200
PS | EPI >
. r=-026 . . % .
= p=00023 B
g e .o - &100{ e
€ ' o K] H
- . . H e . g ] 1::'. . l-.-
Q - . *. 73] o, qgteta¥ .
5 e ol e WA,
P .
Bioolt AT Sl 0 20 30
T et T Phylogenetic Distance
= . . .
(% ' * * . *
o
30 15 20 25 30

15 20 25
Phylogenetic Distance

0 15 20 25 30
Phylogenetic Distance Phylogenetic Distance

Figure 6: BaseMEMOIR captures mouse development in vivo. (A) We recorded lineage relationships in mouse embryos
from E4.5-7.5 using tetraploid complementation. Barcode arrays are detected in the embryonic compartment at E7.5. Scale bar
100 micron. (B) We measured a panel of 63 genes to distinguish cell types at this developmental stage (several representative
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marker genes shown). (C) Expected cell types were identified based on marker gene expression. (D) Genetic barcodes enabled
inference of lineage relationships with uncertainty estimates for specific clades. A cladogram with smoothed branch lengths is
shown, highlighting clades with transfer bootstrap score > 50%. Cell states for all taxa are visualized encircling the phylogeny
(inner ring). Clades and subclades are denoted by the outer colored rings. (E) Clones and subclones identified in the cladogram
show broad distributions across the tissue. (F) A variety of cell types showed significantly closer or more distant relationships to
other cell types than would be expected by chance. Plots relay the difference in median phylogenetic distances across all pairwise
cell comparisons for the indicated cell pairs relative to random cells sampled from the phylogeny. Only comparisons with
significantly distinct median values (FDR cortected p-value < 0.05) are shown. For all significant compatisons, see Supplemental
Figure 10. Significance was assessed using a permutation test (Methods). (G) Pairwise phylogenetic distances are positively
correlated with spatial distances between cells for epiblast cells paired with other epiblast cells. (H) Primitive streak cells paired
with either epiblast or anterior primitive streak have phylogenetic distances that anticorrelate with spatial distance, while they
show positive correlation with primordial germ cells. Significance for panels G and H was assessed using the Pearson correlation
test.

Phylogenetic analysis reveals cellular relationships during embryogenesis

We mapped clades from the resulting lineage, cut at various branch points, back to the
original spatial coordinates. Qualitatively, we observed a large spatial spread for clones and
subclones (Figure 6E). Previously reported cellular movement and mixing of clones at this
stage could explain this result, although our tree is not sufficiently resolved to make

conclusive statements about specific clades from the maximum credibility tree alone.

Instead, we looked at features of the entire posterior distribution to draw inferences about the
system. We computed the average pairwise phylogenetic distance from the posterior
cladogram distribution for all pairs of cells, defined as the total path length on the tree
between a pair of taxa in units of cell divisions. We then asked, for specific cell types,
whether the median phylogenetic distance between those cells was significantly higher or
lower than the median phylogenetic distance for a random sample of cells (Figure 6F,

Supplemental Figure 10, Methods).

PGCs are thought to arise from extraembryonic mesoderm, but their definitive origin remains
to be elucidated; recent models suggest they could arise from multiple sources, including the

late nascent mesoderm, early nascent mesoderm, the primitive streak, or directly from the
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t%8. We find that PGCs are significantly more closely related to extraembryonic

epiblas
mesoderm cells, anterior primitive streak cells, and caudal epiblast cells than would be
expected by chance (Figure 6F, left). Interestingly, we also find them to be closely related
to surface ectoderm, for which there is some precedent based on transcriptional flow

101

modeling™'. We find them to be most distantly related to definitive endoderm and blood

progenitors, which is also consistent with transcriptional predictions!°!.

Relatively few epiblast cells remain by E7.5, the majority having ingressed through the

101 "We find that those cells that remain are

primitive streak or taken on an ectodermal fate
closely related to other epiblast or caudal epiblast cells, surface ectoderm, and anterior
primitive streak (Figure 6F, middle). Surprisingly, the remaining epiblast population is
comparatively distantly related to the primitive streak and mesodermal fates, perhaps
implying that the streak forms from a clonally distinct population of epiblast cells earlier in
development. By this stage, many primitive streak cells have also ingressed to take on various
mesodermal fates*®?’. Curiously, we find that the remaining primitive streak population
tends to be more distantly related to mesodermal fates, anterior primitive streak, and other

primitive streak cells, in addition to epiblast and a variety of other cell types (Figure 6F,

right).

Phylogenetic and spatial distances correlate for some cell types at E7.5

Across all cells, correlation between spatial and phylogenetic distances is very low
(Pearson’s R = 0.014), in contrast to our observations of mESCs in culture (Figure SE). This

is consistent with the intensive cell migration and clonal mixing observed in previous
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studies®®>!. In contrast to this result, when stratified by cell type, several populations have

significantly correlated (or anticorrelated) distances. One of the strongest observed
correlations is among epiblast cells, perhaps indicating that cells remaining in the epiblast
state by E7.5 undergo less mixing than in other compartments (Figure 6G, Supplemental
Table 1). Similarly strong correlations were observed when comparing caudal mesoderm /
early nascent mesoderm, definitive ectoderm / surface ectoderm, and surface ectoderm with

itself (Supplemental Table 1).

The strongest occurrences of anticorrelation were observed between primitive streak /
epiblast and primitive streak / anterior primitive streak (Figure 6H, left panels). This is
consistent with the migratory nature of the primitive streak, where ingressing cells
differentiate while moving large distances across the embryo®®?’. Interestingly, PGCs and
primitive streak cells exhibit positive distance correlations (Figure 6H, right), perhaps
implying that some PGCs are direct descendants of the streak. This would be consistent with

models suggested by recent investigation of transcriptional flows across development®®,

We urge readers to be cautious in interpreting these biological findings, given that we have
only analyzed a single tree from a single section of a single embryo thus far. We see these
results as suitable for generating hypotheses, but not for definitively addressing the biological
system. Future work will explore these topics more deeply by examining more embryos and

optimizing barcode recovery and editing for improved lineage inference.
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Discussion and conclusions
A long-standing dream in biology is to image a tissue or organism and visualize not only its
current state, but also its past history. Previous work has approached this ideal in different
ways, including lineage recording by accumulation of irreversible recombination events and
reconstruction of small trees, however these efforts were limited in the amount and scalability
of memory storage***>*2, Here, we introduce a new approach, baseMEMOIR, which
provides much larger memory sizes and allows for deeper, more accurate lineage tree

reconstruction, while preserving spatial structure.

To achieve this, baseMEMOIR introduces several key innovations. First, it uses base editors
to introduce stochastic, but precise, edits at dense target arrays (Figure 1C). Second, it uses
dinucleotide editable target sites, each of which can be edited to any of three permanent end
states (Figures 1B, 2C). Third, to discriminate between those states we expanded the Zombie
readout system® to allow 4-way probe competition (Figure 3A, B). Fourth, bassMEMOIR
massively expands the amount of memory accessible in single cells by incorporating 66
unique statically barcoded target arrays, collectively providing 792 bits of editable
information in the baseMEM-01 cell line. Theoretically, this number could be readily
increased with additional target array integrations without modifying other components of
the system. Fifth, baseMEMOIR achieves high density recording, while maintaining
compatibility with FISH-based readout of endogenous genes (Figure 3C). Finally, to address
the challenge of lineage reconstruction from stochastic edits, we adapted the BEAST2

framework for Bayesian tree inference, both by adding a new mutation model and taking
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advantage of its phylogeographical and discrete trait models™>!%2 (Methods). We

anticipate that this probabilistic framework should be applicable for a broad variety of lineage

recording methods.

To demonstrate these capabilities, we applied baseMEMOIR to stem cells undergoing
interconversion among transcriptional states®*%%7+77%  This allowed us to reconstruct
lineage trees for 7 colonies totaling 197 cells, with as many as 4-7 cell generations per colony
(Figures 5D, Supplemental Figure 6). Further, we were able to infer transition rates for
specific pairs of states. These rates were consistent with a role for Wnt (through CHIR) in
influencing state dynamics relative to similar cultures in the absence of Wnt>*%%8¢ (Figure
5F, G). Beyond cell culture, we demonstrate preliminary use of the system in vivo, although
we emphasize that biological conclusions should not be conclusively drawn at this time
(Figure 6). Future work could use baseMEMOIR to systematically compare the effects of
different signals and perturbations on cell state dynamics. While probabilistic inference is
not equivalent to direct time-lapse observation, it nevertheless is beginning to yield related
insights that would ordinarily be concealed from any static endpoint measurements
(Supplemental Movies). Extrapolating from the capabilities of this system to future
implementations, such as those containing either more memory or linking signaling pathway

activity to recording machinery*!**

, it should become possible to infer increasingly detailed
views of earlier dynamic events in complex multicellular settings, effectively “decorating”

lineage trees with events, such as changes in cell state or even movements in space.

baseMEMOIR should also allow one to infer state-switching dynamics and developmental
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programs using approaches such as Kin Correlation Analysis and Lineage Motif Analysis

that exploit lineage tree information®®%’.

While powerful, baseMEMOIR has some limitations. Because it does not directly probe the
states of cells at earlier time points, it cannot directly detect earlier states that do not appear
in the endpoint measurement. Analyzing systems at multiple timepoints could help to avoid
missing transient states. Additionally, cells that die or migrate away prior to measurement
will be omitted from the tree and could confound estimates of variation in cell cycle durations
in different lineages. Similarly, failure to recover sufficient barcodes from an individual cell
could make it difficult to classify. This is especially apparent in tissue sections, however we
are optimistic that further technical improvement to barcode imaging could alleviate these

issues, for example by applying tissue clearing methods developed in related work>®,

baseMEM-01 and baseMEM-02 can immediately be used to explore stem cell differentiation
and early mouse embryogenesis, among other phenomena. Looking ahead, baseMEMOIR
should be readily adaptable to diverse developmental and physiological processes. The
constructs and system can be transplanted to additional cell types using standard methods,
and potentially combined with readout of additional “multi-omics” information such as
chromatin accessibility>*. One can therefore anticipate augmenting spatial cell atlases with
lineage information®, and using baseMEMOIR to investigate the role of lineage, signaling,

and differentiation in disease progression.
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Methods

Dynamic barcoding strategy

Dynamic barcode sequences consist of 20bp CRISPR target sites with 3bp downstream NGG
PAM sequences. These were chosen by designing sequences with AA nucleotides at the
location predicted to be edited by the ABE (positions 5-6 in the protospacer sequence)'®,
then screening them for significant, varied editing of the AA sites. Six unique target sites are
arrayed sequentially downstream of a T7 promoter sequence to enable imaging-based

readout as described below (Figure 1C).

Static barcoding strategy

Static barcodes consist of two variable 80bp sequences downstream of the six dynamic
barcode targets (Figure 1C). A pooled plasmid library was formed by generating constructs
with 200 variants at each of the two 80bp regions, for a total of 40,000 unique sequences
(Supplemental Data). Each sequence contains three unique primary probe binding sites for

signal amplification during FISH readout (Supplemental Data).

Plasmid construction

Plasmids were constructed in piggyBac backbones for later transposase mediated integration
into the genome. The inducible ABE plasmid was made by integrating a tet-responsive
promoter (TRE3G, Takara Bio) and ABE 7.10'® (Addgene #102919) into a piggyBac

plasmid'® with neomycin resistance. The Tet-On 3G protein gene used to activate the ABE
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in a doxycycline dependent fashion was supplied as a piggyBac plasmid with a pEF

promoter and puromycin resistance.

The dynamic and static barcode arrays were constructed in a piggyBac vector containing
hygromycin resistance and double T7-T3 promoter sites followed by the dynamic barcode
array, which was synthesized by Integrated DNA Technologies (IDT). The static barcode
was then integrated 3’ of the dynamic barcode array. The static barcode was composed of
two sites of 80 bp each, with 200 possible sequences for each of the two sites to give an
overall possible barcode diversity of up to 40,000 unique sequences. The static barcode
sequences were synthesized by Twist Bioscience and amplified with the appropriate cloning
ends by PCR. The 5’ primer for the first static barcode site had a set of 10 random nucleotides
to provide a further NGS-readable ID to each barcode. A mix of Gibson and sticky end

cloning were used for plasmid construction.

The plasmid library containing static barcodes was generated by transforming high-
efficiency competent cells (NEB C3019), then plating them onto a large surface area of LB-
agar (~30 10-cm petri dishes) to generate a large number of colonies. These were scraped
and pooled into a single liquid culture. Subsequently, plasmid DNA was collected using

multiple DNA Miniprep columns (Qiagen 27104) and pooled.

An array of six gRNAs targeting the six sites of the dynamic barcode were integrated in the
3’ UTR of an NLS-mTurquoise gene. Each gRNA sequence was flanked by the hammerhead
and HDV ribozyme sequences on upstream and downstream sides, respectively, in order to

excise the gRNA from the transcript. These gRNA-ribozyme sequences were each
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synthesized as gBlocks by IDT and combined by assembly of unique sticky end junctions

into the piggyBac plasmid. A Wnt-responsive promoter was integrated to drive expression
of the mTurquoise-gRNAs construct. This plasmid included blasticidin resistance for
subsequent mammalian selection. For the development of baseMEM-02, we replaced the
Whnt-responsive promoter in this construct with the tet-responsive promoter used in the ABE

vector (TRE3G, Takara Bio).

To develop constructs used in generating control cell lines (Supplemental Figure 7), the
static barcode plasmid library was transformed into competent cells (NEB 10-Beta) and
plated on standard L.B-agar plates. Individual colonies were selected and plasmids were
purified on DNA Miniprep columns as described above. Resulting constructs were screened
by Sanger sequencing (Laragen) to identify resulting static barcode sequences for each
plasmid. Four constructs were selected and further modified commercially to include the

desired dynamic barcode states (Genscript).

Primary probe library construction

Primary probes for dynamic barcode readout were purchased from IDT as individual
sequences. The primary probe library, containing 1200 probes targeting all static barcode
variants across both regions (3 probes per variant, 200 variants per region, 2 regions), was
ordered as an oligoarray pool from Twist Bioscience. Each probe was assembled with a 35-
nucleotide sequence complementary to the static barcode sequence, five 15-nucleotide
readout sequences uniquely labeling each variant separated by a 2-nucleotide spacer, and two

flanking primer sequences to allow for PCR amplification of the probe library (structure 5°-
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(primer 1)-(readout 1)-(readout 2)-(probe)-(readout 3)-(readout 4)-(readout 5)-(primer 2)-

3”). The probe library was amplified following an established protocol>*.

Endogenous marker genes were selected based on previous work.>*%® Probes for non-
barcoded sequential smFISH of gene markers were a kind gift from Long Cai, generated as
described previously®*, using a single readout sequence repeated four times in place of a
unique barcode (structure 5’-(primer 1)-(readout 1)-(readout 1)-(probe)-(readout 1)-(readout

1)-(primer 2)-3°).

For control cell line and in vivo experiments, similarly designed primary probe libraries were
constructed to recover barcode and endogenous gene sequences with several key differences.
The barcode library pool was reduced to include probes for only the static barcodes identified
in the system in earlier experiments (Supplemental Figure 1, Supplemental Data), as well
as an additional four static barcode sequences corresponding to fixed array control lines

(Supplemental Figure 3).

The static barcode readout strategy was additionally redesigned to reduce the number of
imaging rounds. In the first implementation, the two FISH-readable static barcode sequences
are decoded over 5 rounds of 4-pseudocolor imaging each (10 total rounds, Figure 3A),
where each round is designed to have at most one detected pseudocolor. In the redesigned
library, the readout rounds for barcode positions 4 and 5 on the first static barcode probe
were designed to be redundant (using the same readout binding sites in different
combinations) as rounds 4 and 5 on the second static barcode sequence, reducing the required

total rounds of readout to 8. Due to the relatively small number of insertion sequences relative
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to the encoding space (66 total integrations), static barcode integrations can still be

uniquely assigned even with this redundancy. In this case, some array integrations are
expected to have up to 2 pseudocolors recovered per 4-pseudocolor imaging round

(Supplemental Figure 8C).

Endogeneous marker genes for in vivo experiments were selected based on a recent atlas of

transcription during mouse embryogenesis'’!

. Primary probes were designed using
PaintSHOP'® to identify appropriate binding sequences, then manually appending

secondary readout binding motifs, alongside a T7 promoter for probe library amplification

and a bridge ligation binding motif as discussed in previous work>* (Supplemental Data).

Readout probe synthesis

Fluorescently conjugated secondary readout probes 15-nt in length were designed as in
previous work>*"2, Probe sequences were ordered conjugated to AlexaFluor 546 or 647 from

IDT as indicated (Supplemental Data).

Coverslip functionalization

24 x 60 mm coverslips were functionalized prior to cell culture. Coverslips were first rinsed
in 100% ethanol, then dried and functionalized using a plasma cleaner on the high setting for
5 minutes. Coverslips were subsequently immersed in 1% bind-silane (GE, 17-1330-13)
solution (1% bind silane, 10 mM acetic acid in 90% ethanol) for 1 hr at room temperature.
Coverslips were rinsed in 100% ethanol then heat dried in an oven at 90 C for 30 minutes

before being treated with 100 ug/mL Poly-D-Lysine in water overnight. The following day,



47
slides were rinsed with nuclease free water and air dried. Slides were stored for up to 2

weeks at 4 C prior to use. These coverslips were either used directly for sectioning tetraploid

embryos or further treated with laminin for cell culture experiments as described below.

Just before cell attachment, coverslips were treated with UV in a biosafety cabinet for 5
minutes, then the surface was treated with 10 ug/mL laminin (Biolaminin 511 LN,
Biolamina) at 37 C for 90 minutes. Laminin was removed, then cell suspension was added

directly to the surface for attachment.

Cell culture

E14 mES cells (ATCC cat. No. CRL-1821) were cultured in medium containing GMEM
(Sigma), 15% ES cell qualified FBS (Gibco), 1x MEM non-essential amino acids (Thermo
Fisher Scientific), 1 mM sodium pyruvate (Thermo Fisher Scientific), 100 pM B-
mercaptoethanol (Thermo Fisher Scientific), 1x penicillin-streptomycin-L-glutamine
(Thermo Fisher Scientific), and 1000 U/mL leukemia inhibitory factor (Millipore). For cell
engineering and standard culture, cells were maintained on polystyrene (Falcon) plates

coated with 0.1% gelatin (Sigma) at 37 C and 5% CO2.

Cell line engineering

Sequences of all integrated constructs are reported as Supplementary Data. BaseMEMOIR
components were integrated over several rounds of transfection and selection. For all
transfection steps, mESCs were cultured in 24 well plates, then cotransfected with the

plasmid(s) to be integrated as well as piggyBac transposase plasmid with HD FuGENE
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transfection reagent. First, cells were cotransfected with ABE and Tet3G activator

plasmids. The cells were allowed to recover for a day, passaged, and then underwent
selection with 400 ug/mL neomycin followed by 500 ug/mL geneticin. Cells were plated
sparsely in a 10 cm dish to grow monoclonal colonies, and then the monoclones were selected
and grown in 96 well plates. Clones were screened for ABE expression after dox induction
by qPCR, then subsequently by FISH to identify clones with homogenous expression among

single cells.

Barcode target plasmids were integrated into the parental line containing inducible ABE by
a second round of transfection, then selected with 100 ng/mL hygromycin as previously
described. Monoclonal colonies were selected as previously, then screened by qPCR for high
relative copy number. Zombie-FISH (described below) was used to screen promising

candidates and select the clone with the highest visible integration number.

Finally, gRNAs and additional ABE plasmid were integrated into the most promising line
from the previous step. Cells were selected with 15 ng/mL blasticidin, then monoclonal lines
were generated as described above. Clones with a clear mTurquoise expression upon addition
of 3 uM CHIR, which indicated expression of the gRNA construct, were kept for further

analysis.

The best clones were tested for array targeting by adding 1 ug/mL doxycycline and 3 uM
CHIR for multiple days followed by Sanger sequencing. Editing resulted in mixed peaks at
the edited bases. One of the clones (baseMEM-01) was identified to have the most editing

via this approach and was used for subsequent in vitro experiments.
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To develop baseMEM-02, we began with an intermediate parental line retained from

baseMEM-01 development, containing all vectors except gRNAs. To this line, we integrated
a modified gRNA cassette containing a TET-on promoter in place of the Wnt-responsive
element present in baseMEM-01. Cells were selected with 15 ng/mL blasticidin, then
monoclonal lines were generated as described above and screened for editing activity as for

baseMEM-01.

To engineer cell lines with known barcode states, four separate 24wp wells with WT mESCs
were transfected as described above with one of the four control plasmid vectors each, then
selected with 15 ng/mL blasticidin. Polyclonal lines were used directly in Zombie imaging

experiments.

Next generation sequencing.

Genomic DNA was extracted from cells using the DNeasy Blood and Tissue Kit (Qiagen)
according to manufacturer instructions. Amplicon libraries containing the dynamic barcode
sequences and short NGS static barcodes were generated with a two-step PCR protocol to
add Illumina adapters and Nextera 15 and 17 combinatorial indices. Indexed amplicons were
pooled and sequenced on the Illumina MiSeq platform with a 600-cycle, v3 reagent kit
(Illumina, MS-102-3003). Raw FASTQ files were aligned to a FASTA-format reference file
containing the expected amplicon sequences. Alignment was performed using the Burrows-
Wheeler alignment tool (bwa-mem'”). Subsequent analysis and data visualization were

performed in the R statistical computing platform, v 4.1.1'%” (Supplemental Data).
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Edit accumulation model

Edit accumulation at each target site was modeled by fitting Equation 1:

p

E = hrl(l——p)[(l -p)te—1].

Here, edit accumulation, E, is a function of time, t, with parameters p, the probability of
editing per unit time, and d, the duration of time during which edits accumulated prior to the
zero time point, which accounts for empirically observed background edits (Figure 2B). This
relation can be derived by assuming a probability p of a target site being editing per unit time
t in a long string of target sites. After a unit of time t, we expect to see p edited targets and
(1 — p) unedited targets. By the same logic, after another time step we expect p + p(1 — p)

edited targets and (1 — p)? unedited targets. After T time steps we would expect to see
T-1
p Z (1-p)f

t=0

edited targets. Taking the limit of a discrete time step dt approaching zero, this sum can be

approximated by the integral
T
p[ a-pra
0

which simplifies to Equation 1.
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Parameters were fit to editing time course data (Figure 2) to determine the empirical edit

accumulation rate for each target using the “nls” function from the “stats” package!®’ in R

(Supplemental Data).

Stochastic simulations

Barcode editing was simulated in R wusing the Gillespie method(Gillespie 1977)
(Supplemental Data). Separate propensities were estimated for each editing outcome and
target site by multiplying the edit accumulation parameter p (Equation 1) for each target site
by the observed mean outcome proportion at each target site across time (Figure 2C). This
stochastic simulation method recapitulates both the edit accumulation model fit and the

empirical target state outcome distribution (Supplemental Figure 4).

Cell division was modeled by allowing editing until a predetermined cell division time, after
which barcodes were duplicated before allowing editing to continue. Cell division waiting
times were drawn from a distribution derived from Eyring-Stover survival theory that has

been shown to model cell division times more accurately than the exponential distribution'”.

Lineage relationships were reconstructed based on the resulting barcodes using BEAST2
software as described below, considering only barcode data (see BEAST2 XML files for
complete modeling information, available at https://doi.org/10.22002/327t7-ke088).
Reconstructed trees were compared to simulated ground truth trees by computing the
normalized Robinson-Foulds distance as implemented in the “RF.dist” function from the R

package “phangorn”!?,



Zombie preparation *
For Zombie and subsequent RNA-FISH, cells were plated on treated coverslips as described
above. After culture and editing, coverslips were washed with 1 mL PBS with calcium and
magnesium (PBS +/+) then fixed with a 1:1 solution of Methanol : Acetic Acid (MAA) for
20 minutes. RNase-free reagents were used for all subsequent steps to minimize RNA
degradation. MAA was removed, then coverslips were transferred to a 100 mm petri dish
and covered with 70% ethanol. Petri dishes were parafilmed and stored at -20 C to await

imaging.

Immediately prior to imaging, coverslips were removed from cold storage and brought to
room temperature. 70% ethanol was removed and replaced with a fresh solution of MAA,
then incubated for 2 hrs at room temperature. The sample was washed twice with PBS +/+,
incubating for 2-3 min between each wash. The final wash solution was removed and the
sample was dried until all liquid had just evaporated. A custom fluidic cell, built to interface
with a custom designed liquid handling system, was affixed to the coverslip surface>*>°.
Subsequent washes took place within the flow cell, manually adding reagents into the inlet
of the cell and removing them from the outlet using a standard micropipette. The cells were

washed with nuclease free water once, then replaced with T7 RNAP mix (New England

Biolabs E2040S). The sample was incubated at 37 C overnight in a humidified tupperware.

The following morning, the T7 RNAP mix was removed and replaced with fresh T7 RNAP
mix, then incubated for 1 hr at 37 C in the humidified tupperware. The mix was removed,

then the sample was immediately fixed with 4% paraformaldehyde for 10 min. This solution
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was removed and the sample was washed three times with PBS +/+, then washed with

30% formamide probe wash buffer (30% formamide in 5x SSC with 9 mM citric acid, 0.1%
Tween-20, and 50 pg/mL heparin, pH 6.0) for an additional 5 min. The wash buffer was

replaced with primary probe hybridization mix, then incubated overnight at 37 C.

FISH imaging (Figures 3 and 5)

Images were collected across multiple rounds of fluorescence hybridization to identify
barcode and cell states. Formamide wash buffers and secondary probe hybridization mixes
were generated immediately prior to imaging. A custom-built, automated liquid handling
system was used to perform sequential rounds of in situ hybridization as previously
described>* ¢, Briefly, the sample was connected to an automated fluidics system attached
to a widefield fluorescence Nikon Eclipse Ti microscope. The custom-made automated fluid
sampler was used to transfer readout probes in hybridization buffer from a 2.0 mL 96 well
plate through a fluidic valve (IDEX Health & Science EZ1213-820-4) to the custom-made
flow cell using a syringe pump (Hamilton Company 63133-01). Fluidics and imaging were
integrated using a custom script controlling uManager. Eleven fields of view (FOVs),
capturing eight well separated regions of cell growth, were selected based on the DAPI
signal. For each FOV, images were acquired with 0.5-micron z steps for twenty total slices.
Integration of the automated fluidics system and imaging was controlled by a custom script

written in uManager!'°.

First, 12 hybridization rounds were imaged to capture all dynamic barcode states. The

hybridization buffer for each round included two unique 15-nucleotide readout probes
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(Supplemental Data) conjugated to either Alexa Fluor 647 (50 nM) or Alexa Fluor 546

(50 nM) in EC bufter (10% ethylene carbonate, 10% low molecular weight dextran sulfate,

4x SSC).

Probes were allowed to hybridize for 15 minutes. Excess probes were washed away with
10% wash buffer (10% formamide, 0.1% Triton X-100 in 2x SSC) incubating for 1 minute.
Nuclei were re-stained with DAPI solution (5 ug/mL DAPI in 4xSSC) incubating for 2
minutes. The sample was washed with 4x SSC then imaged in antibleaching buffer (50 mM
Tris-HCI pH 8.0, 300 mM NaCl, 2xSSC, 3 mM trolox, 0.8% D-glucose, 1,000-fold diluted
catalase, 0.5 mg/mL glucose oxidase). After imaging, readout probes were stripped off using
35% wash buffer (35% formamide, 0.1% Triton X-100 in 2x SSC). Although 55%
formamide is typical for stripping readout probes, we used a lower amount to avoid stripping
primary probes and losing signal, as our primary probes are shorter than normal for dynamic
barcode rounds (only 20-nucleotides compared to 28). Images were collected after probe
stripping to verify loss of signal. Due to occasional technical issues such as loss of focus
during automated imaging, these 12 rounds were repeated a second time to collect backup

images for each dynamic barcode round.

Static barcode sequences were captured by a similar scheme over 20 additional rounds of
hybridization (see Supplemental Data for probe sequences), except using 55% formamide
wash buffer to strip the readout probes. An additional six rounds of hybridization were used

to capture the 12 gene markers described above. A final round of hybridization with wheat
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germ agglutinin (WGA) conjugated to Alexa Fluor 647 was used to stain cell membranes

for downstream segmentation.

FISH Imaging (Figure 6, Supplemental Figure 3)

Imaging of control cell lines and tissue sections was performed similarly, but using a confocal
microscope to capture 3D optical sections. Images were acquired on a Nikon Eclipse TI
microscope equipped with a confocal scanner unit (Yokogawa CSU-W1), a sSCMOS camper
(Andor Zyla 4.2), 60x objective lens (Nikon 1.42 NA), and a motorized stage (ASI MS2000).
Lasers were controlled using a LUN-F XL 7-line laser unit (Nikon, channels 405 nm, 440
nm, 488 nm, 514 nm, 594 nm, 640 nm). This microscope setup was coupled to an identical
liquid handling system for FISH automation. For control samples, barcode information was
recovered across 28 rounds of imaging. For in vivo tissue sections, three-color imaging was
used to enable capture of gene expression and barcode information across 46 rounds of

imaging. Imaging rounds were occasionally repeated due to loss of focus.

Image processing

Images were processed using custom Matlab scripts (Supplemental Data). DAPI signal was
measured in each round of imaging and used to register images across each hybridization
round. After registration, z-stacks were projected by their maximum intensity to yield one

image per channel per hybridization round for each colony.

Transcribed barcodes form dots of variable intensity around the active site of T7

transcription. Dots were segmented using a combination of Laplacian of Gaussian filtering
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and watershed, requiring a maximum eccentricity of 0.8 to reduce noise. Loose parameters

were chosen to detect all real dots at the expense of accepting some background noise. Binary
images for each hybridization/channel were summed together to create a single mask, where
pixel values represent the number of times a pixel was identified across all imaging rounds,

termed “analog mask”.

Since each real dot should appear across all hybridization rounds in at least one channel, we
further reduced noise by thresholding this image. We determined a threshold for each colony
individually based on the elbow method. Frequently, we observed segmentation errors where
the watershed algorithm was unable to separate adjacent dots from one another. We manually
corrected these errors based on the analog mask, yielding a final binary segmentation mask

of all detected barcode dots for each field of view.

We further generated DAPI segmentation masks using Ilastik to isolate individual cell
nuclei'’!. Masks were manually corrected using ImageJ to separate nuclei that were
segmented together. Cells that intersected the border of the image were excluded. Any
Zombie dots identified outside of cell nuclei were filtered. Dots may not be completely
captured by the binary mask within any given round of imaging. A K-nearest neighbors
classifier was used to partition all pixels belonging to each cell to the nearest dot in the

segmentation mask so that intensity values could be extracted.

Raw images were background subtracted to improve signal to noise. First, a tophat filter was

used to globally reduce background. To further correct for variable intensity across images,
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local background correction was applied on a cell-by-cell basis by subtracting the median

pixel intensity, excluding dilated segmented Zombie dots.

We extracted several features for each dot across all channels and hybridization rounds based
on the background-subtracted raw images (total intensity; median intensity; 90™ percentile
pixel intensity; pixel count; background median intensity; and intensity variance), taking the

log + 1 of all intensity values.

We used a supervised machine learning approach to classify barcode states across each
hybridization round. The barcode state is reflected in higher intensity fluorescence of probes
that outcompete other possible binders (Figure 3). We manually classified approximately
1,000 randomly sampled barcode spots for each image based on their pseudocolor intensities,
then used this sample to train a support vector machine (SVM) classifier in Matlab
(Supplemental Data). Some spots were ambiguous; these were omitted in manual
classification. Ten-fold cross validation was used to evaluate model generalization and

control for overfitting (Supplemental Figure 2).

For dynamic barcode sites, we estimated the posterior probability for each spot belonging to
each class under the SVM model. Many barcodes could be classified with high accuracy
(>70% posterior probability, Figure 3F and Supplemental Figure 2B). For static barcode
sites, class assignments were compared to the whitelist of possible barcode sequences. We
filtered out Zombie spots with a character distance greater than two from an expected
sequence and those which did not unambiguously correspond to a whitelisted static barcode,

leaving 79.3% of all detected spots after filtering.
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In many cases, duplicated barcodes were observed, where the same static barcode was

identified multiple times in a single cell. These duplicates tended to be spatially localized
and may be explained by either DNA replication or over-segmentation errors during analysis.
For duplicated barcodes, classification probabilities were averaged at dynamic barcode sites

and the most confident state was used for downstream lineage reconstruction.

Membrane masks were manually generated based on WGA staining images, then gene
markers were identified using the bigFISH package dot detection method.!'? Thresholds for
dot detection were manually determined for each gene. Segmented spots, corresponding to
mRNA molecules, were tallied within each cell as defined by the membrane segmentation
mask. To validate the consistency of this method, we plotted the detection frequency for each
gene across all cells that were measured in multiple images (Supplemental Figure 11). The

measures were highly correlated.

A similar process was used to analyze 3D images of tetraploid sections (Figure 6) and fixed
barcode control cells (Supplemental Figure 3) collected through confocal imaging, with
some modifications (Supplemental Data). Z-stacks were not projected to their maximum
intensity but rather treated in 3D throughout analysis. Analog masks with Zombie dot
detections were corrected using Cellpose-SAM!!® (v4.0.6) rather than using watershed and
manual correction. Cellpose-SAM was additionally used to create cell segmentation masks
based on both DAPI and WGA signal. Masks were manually inspected and corrected as

needed in the Cellpose GUI. To decode static barcode rounds where either 1 or 2
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pseudocolors are expected, a second SVM model was trained to classify resulting images

(Supplemental Figure 8C, Supplemental Data).

Cell type analysis

Cell types in vitro (Figure 5) were determined by using k-means clustering on log
transformed mRNA counts with five centers to group the most distinct sets of cells in the
dataset. Dimensionality reduction by the tSNE method visualizes three groups as well
separated and three of the identified cell states (Naive/2C-like, Naive, and Naive/Formative)
as potentially a continuous distribution, although we note that dimensionality reduction
techniques can obscure the true distances between cells and clusters in the higher
dimensional transcriptome space. Most importantly, we identify unique allowed and
forbidden transitions between each purported cell state through subsequent lineage analysis
that is agnostic to the underlying transcriptional information, bolstering the claim that these

five clusters of cells should be treated as distinct populations.

Cell types in vivo (Figure 6) were determined through Leiden clustering of gene expression
information using Squidpy''* (Supplemental Data). Cell types were expertly annotated

based on marker gene expression and physical location of cells within the embryo section.

Lineage reconstruction and Bayesian modeling

We used a Bayesian model under the BEAST27 v2.7 framework that takes barcode
information, end point cell labels, and cell centroid positions as input to jointly estimate

lineage relationships, cell state transition dynamics, and cell motility. An XML file
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specifying all modeling information is provided as supplemental data and modeling

choices are briefly described below.

Barcode information for each dinucleotide was extracted using Matlab and R scripts
(Supplemental Data). Each of the four dinucleotide states (AA, AG, GA, and GG) was
encoded in a single character (A, T, C, or G). Characters that were not recovered during
imaging were marked as missing data by the “?” character. Cell division for each tree was

modeled as a pure birth process (the Yule model) with birth rate estimated.

Barcode character mutation in our system is irreversible. With few exceptions!!

, existing
BEAST2 packages only model reversible character transitions because these make
computing tree likelihoods more computationally efficient. We developed a new irreversible
character substitution model to better capture the evolutionary process that generated our
data (available as the ‘irreversible’ package for BEAST2, with source code available from
https://github.com/rbouckaert/irreversible). Under this model, each possible transition (AA
to AG, GA, or GG) can take a unique rate value, which we assume is constant along the tree.
Stationary frequencies, which are used at the root of the tree to calculate the tree likelihood,
are set at 1 for the AA state, and 0 for the others, reflecting our knowledge that every state is
AA at the root of the tree. Since we know that targets can edit at different rates and into
different outcomes, we allow the rate to vary across sites through the gamma site
heterogeneity model, partitioning the allowable rates into four categories''®. This model is

shared across all trees. Furthermore, we use a strict molecular clock since we do not expect

significant rate variation per branch.
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Cell state transitions are modeled as a continuous time Markov chain with symmetrical

transition rates possible between each state. These rates are assumed to be constant across
time with an associated strict clock model. Transition rates are shared between all trees, so a
single unified cell state transition model was estimated across all colonies. We assume
symmetric transition rates based on previous work, which identified most transitions as
roughly symmetric in this system®. In principle, the assumption can be relaxed, although it
greatly increases the number of parameters in the model, thus increasing susceptibility to

overfitting.

Cell motility was modeled as single parameter 2D diffusion along the surface of a sphere as
implemented in previous phylogeographical work!'%?. Spherical diffusion is a good

2 and its

approximation of diffusion in a 2D plane for small patches of the surface!°
implementation is efficient. Accordingly, cell positions were mapped to geographical
coordinates falling within two latitude and longitude degrees. The diffusion parameter

describing motility was allowed to take unique values along each branch of the tree under a

relaxed clock model.

Notably, all seven colonies in this dataset were analyzed simultaneously under a single
model. This allowed us to infer barcode character substitution and cell state transition models
that are shared across all the data, reflecting our belief that all colonies are representative of
the same underlying barcode mutation and cell state transition processes. We think this is
reasonable given that all colonies are generated from a monoclonal culture grown in identical

culture conditions over the same time period.
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We chose priors to be uninformative with the exception of the root height, since we have

strong prior information that experiments lasted three days. An uninformative but improper
uniform distribution across all possible rates was chosen for barcode mutation rate, although
this is not expected to affect the resulting analysis or MCMC mixing. Detailed prior
information is recorded in the supplemental XML file for Figure 5 specifying all modeling

choices.

Supplementary movies were generated by creating inferred still images of the maximum a
posteriori histories of cells over time, incorporating inferred ancestral cell states, positions,
and cell division timings (Supplemental Data). These still images were compiled into

movies using the open-source video editor Shotcut (Meltytech).

For in vivo lineage reconstruction, we used BEAST?2 as described above but reconstructing
only based on genetic barcode information. Convergence of the MCMC chain was monitored
using Tracer v1.7.2 (https://github.com/beast-dev/tracer/releases/tag/v1.7.2). The resulting
distribution was summarized as a consensus maximum clade credibility tree using the
TreeAnnotator tool packaged with BEAST2. Further analysis was performed using custom

R scripts (Supplemental Data).

Lineage motif analysis

The posterior baseMEMOIR trees were analyzed using Lineage Motif Analysis (LMA) as
described previously®’, using the resample trees doublets, resample trees triplets, and

resample trees quartets functions with 1,000 resamples. These functions are available in the
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publicly available “linmo” package for Python (https://github.com/labowitz/linmo). To

generate a z-score and adjusted p-value for all cell fate patterns across the entire posterior
distribution of each tree dataset, 1,000 synthetic datasets were generated by randomly
drawing one tree from the posterior distribution of each tree dataset. Each synthetic dataset
therefore contains seven total trees. LMA was then performed on each synthetic dataset, and

the distribution of z-scores and adjusted p-values was plotted for each cell fate pattern.

Median phylogenetic distance comparison (Figure 6F and Supplemental Figure 10)

To identify significantly closer or more distantly related cells than expected by chance,
pairwise phylogenetic distances were computed across all cell pairs that were captured in the
phylogeny with a measured cell type (Figure 6D). The phylogenetic distance was defined as
the number of splits in the tree along the shortest path between the pair of cells. This distance
was computed for 800 samples of the posterior distribution taken from the output of BEAST2

after removing burn in, then averaged for each cell pair.

We then focused on specific cell type comparisons. One or two cell types were chosen, and
posterior-averaged phylogenetic distances for all pairs matching the comparison of interest
were extracted. The median of these distances was computed. One thousand samples of cells,
sized equal to the number of cells present in the comparison of interest, were randomly
chosen from the entire phylogeny, and the same procedure was repeated. We then computed
a z-score for the experimental median relative to the medians of the randomly sampled
control distributions. From this z-score we computed p-values assuming a two-tailed test,

and corrected these for false discovery rate via the Benjamini-Hochberg procedure!!’.
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Statistically significant z-scores (adjusted p-value < 0.05) were plotted (Figure 6F and

Supplemental Figure 10).

In vivo experiments

For the generation of chimeric embryos, doxycycline-induced baseMEM-02 recording cells
were injected into host wild-type nascent blastocysts (E3.5). Briefly, 6-12 week old B6D2F1
(C57BL/6J x DBA/2J, Jackson Laboratory) females were hormonally primed by
intraperitoneal injection of pregnant mare serum gonadotropin (PMSG, Prospec Tany
Technogene), followed 48 hours later by human chorionic gonadotropin (hCG, Patterson
Veterinary). Embryos were collected at the zygote stage (E0.5) and cultured to the blastocyst
stage. On the day of injection, 8-12 cells were introduced into the blastocoel cavity using a

16-micron-diameter injection pipette (Biomedical Instruments).

For tetraploid complementation, two-cell embryos were fused into one-cell embryos using a
ECM 2001 (BTX) with a single DC square pulse of 150 V for 60 microseconds and 1-2 V
AC, in 0.3 M mannitol solution containing BSA. Approximately 15 cells were injected into
tetraploid blastocysts. Roughly 15 embryos were transferred into each CD1 recipient female
(Crl:CD1 (ICR), Charles River Laboratories). The day of injection was considered E2.5.
Pseudo-pregnant mice were administered doxycycline via drinking water and food, provided
ad libitum from E3.5 until euthanasia at E7.5. All mice were handled in accordance with
Caltech’s institutional guidelines, and all procedures were approved by the Institutional

Animal Care and Use Committee (IACUC protocol [A23-1742).
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Embryo implantation sites were dissected at E7.5, embedded in O.C.T. (Tissue-Tek) in a

dry ice ethanol bath, and cryopreserved at -80 C. Twenty-micron thick sections were taken
from the embedded tissues and placed on Poly-D-Lysine (Gibco) coated coverslips on dry

ice for subsequent automated imaging experiments.

Samples were prepared for imaging following the procedures used for in vitro cultured cells
with several modifications. The slide was allowed to come to room temperature and air dry
for 10 minutes prior to permeabilization with MAA. After MAA fixation, sections were
permeabilized with 1% Triton X-100 (Sigma-Aldrich, 93443) in PBS for 1 hour at room
temperature. Subsequently, the section was washed three times with PBS and treated for 15
minutes at room temperature with 0.1 M freshly prepared hydrochloric acid. Samples were
then washed with nuclease free water, briefly washed with 0.1% Triton X 100, then incubated
for 48 hours with T3 RNAP (MEGAscript, ThermoFisher AM1338) prepared as for the in

vitro experiments.

After transcription, samples were fixed for 10 minutes in 4% PFA as for in vitro samples,
then permeabilized in 8% SDS dissolved in PBS for 10 minutes at room temperature.
Samples were washed five times with PBS and two times with 2x SSC buffer, then once with
30% formamide wash buffer for 30 minutes at 37 C. Samples were then incubated with

primary probes for 48 hours at 37 C.

On the fifth day, samples were washed 3x with 30% formamide wash buffer, then returned
to 37 C for 1 hour. Samples were then washed three times with 2x SSC and incubated with

a primer to enable bridge ligation®* (Supplemental Data) for 4 hours at 37 C. Samples were
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then washed once with 12.5% formamide wash buffer, then three times with 4x SSC at

room temperature, then once with a 1:1 mixture of nuclease free water to Quick Ligase
Reaction Buffer (NEB M2200L). Bridge ligation was allowed to occur overnight using the

Quick Ligation kit.

On the sixth day, samples were washed again with 12.5% formamide wash buffer for 5
minutes at room temperature, then three times with 4xSSC. Samples were treated with Label-
IT (Mirus Bio, MIR3925) at 37 C for 30 minutes, washed three times with PBS, then fixed
with 1.5 mM BS(PEG)5 (ThermoFisher A35396) for 1 hour at room temperature. Finally,
samples were washed three times with 1 M Tris-HCI, pH 7.4, then with 55% formamide
wash buffer, then three times with 4x SSC buffer. At this point, samples were ready for

imaging as with in vitro samples.

Data availability

Raw image data are available at data.caltech.edu, DOIs: 10.22002/d15ek-0dx91,
10.22002/q33zp-z2k11, and 10.22002/qjm4z-jzc10. All analysis scripts, amplicon
sequencing data, max projected image data, and additional supplementary files are available
at data.caltech.edu, DOIs: 10.22002/327t7-ke088, 10.22002/3n0t0-jvn33, 10.22002/sreyy-

rky20, and 10.22002/4gvvq-hek65.
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Top 66 unique integrations

Supplemental Figure 1: 66 unique integrations are detected in the baseMEM-01 cell line. 66 barcode integrations were
identified by next generation sequencing of target arrays amplified from genomic DNA. We quantified the number of reads
corresponding to unique sequenceable (A) and image readable (B) static barcodes, identifying approximately 66 variants in each
case. The top 200 most frequent variants are shown; we separated true variants from noise heuristically by identifying the “knee
of the curve” (dashed vertical lines). Importantly, these 66 variants are all also identified in FISH experiments (Figure 3E).
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Supplemental Figure 2: A support vector machine classifies barcode states based on fluorescence measurements. (A)
Manually annotated barcodes are correctly classified by a quadratic kernel support vector machine (SVM) approximately 94% of
the time. (B) Classification probability estimates are very high within the training dataset (B, left). Outside of the training sample,
most classification probabilities are still high but with a subset of predictions that are less certain (B, right). The support vector
machine predicts classes based on 16 fluorescence measurements corresponding to each pseudocolor as defined in Figure 3B.
(C) Each class is well separated based on these features. (D) After 3 days of editing induction, many dynamic barcodes are
identified as class 2, corresponding to the unedited state (D, left). Static barcode classifications are more evenly distributed, as
anticipated (D, right). (E) Static barcodes decoded by FISH typically perfectly match the 66 image readable barcode sequences
identified by sequencing (Supplemental Figure 1B), although a fraction of barcodes are recovered with one or more character
differences relative to their closest match.
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Supplemental Figure 3: Control cell lines reveal accurate dynamic barcode calling. (A) Four polyclonal cell lines were
engineered with mock barcode atrays, each with a prescribed edit state and static barcode. (B) Cells were mixed, plated on a
coverslip, and subjected to our standard FISH pipeline. Cells of each type were easily identifiable in each round of imaging (two
representative hybridization rounds visualizing the state of target site 2 are depicted, left). We segmented cells (middle) and
filtered to retain cells containing at least four identical array integrations, ensuring accuracy of array ground truth assignments
(right). 64 total positions were imaged and treated in this way, measuring 3,311 total cells and 19,358 total barcode arrays for

downstream accuracy analysis. (C) Dynamic barcode inference was typically very accurate, with a single edit outcome on one
target (1/24) having lower accuracy.



70

A B
1.00
w
= 3004
i , 075
o i} Outcome
& 2004 5 050 AG
Z E GA
3 = GG
< w
T 100 025
°
0.00
0 25 50 75 100 a é é "‘_ '5 é
Time (Day) Target Site

—Model Fit (Figure 2)
— Stochastic Simulations (Figure 4)

Supplemental Figure 4: Stochastic simulations closely recapitulate the empirical editing process. (A) We developed a
stochastic editing simulator based on the Gillespie algorithm that closely recapitulates the average edit accumulation model
developed in Figure 2B (Methods). (B) The simulated edit outcome distributions for each target site match the observed
distributions from Figure 2C.
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Supplemental Figure 5: mESC gene expression clustering. (A) Principal component analysis is largely in agreement with
nonlinear dimensionality reduction, with separation between major clusters observed along the first three components. The naive
states also appear continuously related in this view. (B) Clusters have distinct marker gene expression patterns, with some
similatity between the Naive/2C-like, Naive, and Naive/Formative states.
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Supplemental Figure 6: BaseMEMOIR reveals lineage relationships, cell states, and spatial positions across multiple
colonies. Posterior tree distributions are visualized and mapped back to illustrations of each colony as in Figure 5D.
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Supplemental Figure 7: BaseMEM-02 clones edit in the presence of doxycycline. Fraction of edited target sites observed
in control and dox-treated (1 ug/ml) samples after 3 days in culture is plotted for clonal mESC lines (Methods). The blue

highlighted clone was used for subsequent experiments (Figure 6).
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Supplemental Figure 8: BaseMEMOIR barcode array recovery from E7.5 tetraploid embryo section. (A) Fewer
target arrays were detected per cell compared to mESCs grown in culture (Figure 3D). (B) Manually annotated barcodes were
typically accurately predicted using a support vector machine with quadratic kernel as in Supplemental Figure 2. (C) In this
experiment, two static barcode rounds were allowed to take on double labels across the four measured pseudocolors
(Methods). A separate support vector machine was used to predict outcomes for this classification task. Accuracy was lower
than for single pseudocolor classification, however errors typically represented one of the two simultaneously measured
channels; thus, overall etrors to static barcode determination are reduced relative to the possibility of random errors. As in
Supplemental Figure 2, classification probabilities remain high within the training set (D) and are typically high across the entire
distribution (E). (F) Pseudocolor classes are well separated based on spot intensity features. (G) After 3 days of editing by
doxycycline administration in vivo (Methods), approximately 14% of barcodes were edited using the baseMEM-02 line. (H)
Static barcode pseudocolor class predictions are more evenly spread, as anticipated. (I) Static barcodes decoded by FISH
typically match one of the 66 image readable barcode sequences perfectly. Barcodes that could be uniquely classified and
contained three or fewer mismatches relative to the barcode whitelist were carried on for further analysis. (J) Compiled
barcodes were used to generate a posterior phylogenetic tree distribution in BEAST?2. Lineage relationships wete less certain
than observed for mESCs in culture, likely due to lower barcode recovery and decreased editing in vivo. Even so, confident
clades and consistent features of the postetior disttibution could be identified (Figure 6).
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Supplemental Figure 9: Lineage relationships were resolved among hundreds of cells in the developing E7.5 mouse
embryo. (A) A larger image of the full tree with transfer bootstrap scores on each clade is depicted. The central ring defines
different clades as referred to in panel (B). The middle ring displays cell types corresponding to each taxon, where white
indicates missing cell type annotations. The outer two rings give the recorded divisions for each taxon as mean root-to-tip
depth (inner ring) and the standard deviation (outer ting) across 800 BEAST?2 posterior samples. (B) Cell types were widely
mixed across clades. This may be expected, given known cell type mixing within embryos at this stage and the fact that we
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began recording with approximately 15 founder cells at E4.5, which may all contribute to a variety of tissues. (C) Different
cell types tended to have different tip depth distributions. Although interesting, the number of inferred divisions may be
inflated in some cases since we began with 15 founder cells, which likely each form a separate larger clade on the tree. Future
work will separately label founder cells to avoid this confounding factor.
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Supplemental Figure 10: Many cell types are more or less closely related to one another than expected by chance. The
median phylogenetic distances between pairwise cell comparisons (Figure 6D) were computed, then compared to a null
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discovery rate corrected p-value of < 0.05 (Methods).
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Supplemental Table 1: Statistically significant correlations between phylogenetic and spatial distances observed for
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different pairwise cell type comparisons in the E7.5 tetraploid mouse embryo lineage. Significance was assessed using the

Pearson correlation test.

Cell type comparison Pearson p-value FDR adjusted
Correlation p-value
Rostral neural plate | Surface ectoderm 0.55 1.2E-02 2.7E-02
Surface ectoderm | Surface ectoderm 0.46 1.3E-03 4.1E-03
Epiblast | Epiblast 0.35 2.8E-05 1.5E-04
Early nascent mesoderm | Rostral neural plate 0.34 1.7E-03 4.9E-03
Definitive ectoderm | Sutface ectoderm 0.34 2.1E-09 3.1E-08
Caudal mesoderm | Farly nascent mesoderm 0.31 1.6E-14 19E-12
PGC | Primitive streak 0.27 3.4E-03 9.1E-03
Definitive ectoderm | Epiblast 0.27 1.1E-09 2.2E-08
Early nascent mesoderm | Epiblast 0.26 1.5E-12 5.8E-11
Epiblast | Surface ectoderm 0.26 6.9E-04 2.5E-03
Definitive endoderm | Epiblast 0.22 1.4E-05 8.5E-05
Definitive ectoderm | Definitive ectoderm 0.22 3.6E-06 2.6E-05
Caudal mesoderm | Epiblast 0.21 1.1E-03 3.5E-03
Caudal epiblast | Surface ectoderm 0.21 3.9E-03 1.0E-02
Epiblast | Haematoendothelial progenitors 0.21 3.9E-04 1.5E-03
Early nascent mesoderm | Haematoendothelial progenitors 0.20 6.6E-08 7.1E-07
Caudal epiblast | Definitive ectoderm 0.19 2.7E-06 2.0E-05
Early nascent mesoderm | Eatly nascent mesoderm 0.19 1.5E-08 1.8E-07
Definitive endoderm | Surface ectoderm 0.19 5.9E-03 1.5E-02
Blood progenitors | Early nascent mesoderm 0.18 1.7E-10 5.1E-09
Anterior primitive streak | Epiblast 0.17 1.6E-06 1.3E-05
Definitive ectoderm | Definitive endoderm 0.17 1.2E-05 7.7E-05
Anterior primitive streak | Definitive ectoderm 0.17 1.3E-09 2.2E-08
Anterior primitive streak | Surface ectoderm 0.16 1.0E-03 3.5E-03
Blood progenitors | Epiblast 0.15 4.1E-04 1.6E-03
Anterior primitive streak | Caudal mesoderm 0.15 2.2E-04 9.1E-04
Caudal epiblast | Definitive endoderm 0.12 1.2E-02 2.7E-02
Anterior primitive streak | Anterior primitive streak 0.11 4.9E-04 1.8E-03
Blood progenitors | Haematoendothelial progenitors 0.11 1.3E-02 2.9E-02
Early nascent mesoderm | Late nascent mesoderm 0.11 6.1E-09 8.0E-08
Late nascent mesoderm | PGC 0.10 1.4E-03 4.3E-03
Late nascent mesoderm | Late nascent mesoderm 0.10 7.0E-07 6.3E-06
Caudal mesoderm | Late nascent mesoderm 0.10 2.1E-03 6.0E-03
Anterior primitive streak | Definitive endoderm 0.08 1.6E-02 3.2E-02
Extraembryonic Mesoderm | Late nascent mesoderm 0.08 8.4E-13 5.0E-11




Anterior primitive streak | Blood progenitors 0.07 1.2E-02 2.7E-02
Extraembryonic Mesoderm | PGC 0.06 9.3E-03 2.2E-02
Anterior primitive streak | Early nascent mesoderm 0.06 8.6E-03 2.1E-02
Extraembryonic Mesoderm | Extraembryonic Mesoderm 0.05 1.8E-05 1.0E-04
Blood progenitors | Extraembryonic Mesoderm -0.05 5.4E-03 1.4E-02
Anterior primitive streak | Extraembryonic Mesoderm -0.05 1.9E-04 8.1E-04
Caudal epiblast | Extraembryonic Mesoderm -0.08 7.9E-05 3.9E-04
Late nascent mesoderm | Sutface ectoderm -0.09 1.4E-02 3.0E-02
Definitive endoderm | Extraembryonic Mesoderm -0.10 6.9E-07 6.3E-06
Blood progenitors | Definitive ectoderm -0.10 3.4E-03 9.1E-03
Definitive ectoderm | Late nascent mesoderm -0.10 9.6E-06 6.3E-05
Definitive endoderm | Late nascent mesoderm -0.10 9.7E-05 4.6E-04
Blood progenitors | Caudal epiblast -0.10 1.4E-02 2.9E-02
Definitive ectoderm | Extraembryonic Mesoderm -0.10 4.0E-10 9.6E-09
Definitive ectoderm | Haematoendothelial progenitors -0.11 1.5E-02 3.2E-02
Extraembryonic Mesoderm | Haematoendothelial progenitors -0.11 74E-07 6.3E-06
Extraembryonic Mesoderm | Sutface ectoderm -0.11 7.9E-05 3.9E-04
Blood progenitors | Definitive endoderm -0.15 1.3E-04 5.7E-04
Haematoendothelial progenitors | PGC -0.15 2.0E-02 4.0E-02
Blood progenitors | Primitive streak -0.16 9.8E-03 2.3E-02
Definitive endoderm | Haematoendothelial progenitors -0.17 1.0E-03 3.5E-03
Blood progenitors | Surface ectoderm -0.18 1.3E-03 4.1E-03
Anterior primitive streak | Primitive streak -0.20 1.1E-04 5.0E-04
Epiblast | Primitive streak -0.26 2.3E-03 6.5E-03
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Chapter 3

REGENERATIVE BASE EDITING ENABLES DEEP LINEAGE RECORDING

Introduction

Multicellular organisms are built from a single cell that repeatedly undergoes division
and differentiation, producing structure and function. Taken together, the set of division
events form a binary lineage tree, with phenotypic changes decorating the branches. In
most organisms and contexts, the interplay between lineage and phenotype is
incompletely understood. While individuals from a species are similar in form, there can
be substantial variability in the underlying cellular lineage process™. At the same time,
lineage constrains fate decisions through the progressive restriction of transcriptional
plasticity!*!!®, Diseases manifest as a disruption of the lineage process, and can generate
pathological cell division patterns®*. Recovering lineage relationships can answer basic
biological questions about multicellular development, the evolutionary conservation of
these mechanisms across species, and reveal pathological effects of disease. Therefore,
identifying the lineage relationships between cells has been a fundamental goal across

both developmental biology and medicine.

In classic work, researchers were able to fully map the cellular lineage tree of the C.
elegans nematode. This heroic effort unexpectedly revealed that each cell in the organism
originates through a unique deterministic lineage that is identical across individuals®.

However, this feat could not be easily replicated in most other organisms, as they present



88
greater challenges: first, they are optically opaque, preventing direct time lapse

imaging. Second, they are often larger, comprising many thousands or even millions of
cells in a tissue or context of interest. Third, the lineages that form tissues are often
variable and seemingly stochastic, making it more difficult to integrate observations from

multiple individuals.

To address these challenges, several groups have developed synthetic lineage recording
systems, including MEMOIR*#5, GESTALT?? 3 CARLIN*, LINNAEUS?¢, SMALT?’,
homing CRISPR barcoding**, and others**!"12° These systems use different methods,
including recombinases*’, CRISPR nucleases? 6394044119120 "and CRISPR base editors®’
to dynamically edit (mutate) specific, heritable target sequences as cells proliferate. Each
cell lineage thereby accumulates a unique edit pattern. Edits can subsequently be read out

32-37,39,40,119,120 or microscopic

in bulk or, ideally, in individual cells, either by sequencing
imaging***. Finally, computational algorithms allow reconstruction of lineage
relationships from measured endpoint edit patterns, in a manner loosely analogous to
phylogenetic reconstruction. Most recently, barcode labeling by incorporating temporally
ordered sequences using Prime Editing technology has been introduced as a new

paradigm for phylogenetic recording. 3843

In this work, we sought to improve two key difficulties with current lineage recording
methodologies that constrain the depth (number of cell generations) of recording. First, a
limitation of most recording systems is that edit rates are generally proportional to the

number of unedited sites that can be targeted. This causes the fraction of unedited sites to
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decay exponentially over time, rather than at a constant rate'?!. Frontloading mutations

in this way uses the majority of memory capacity early, leading to little information being
stored later in the process. Second, the total amount of memory available in most
recording systems is small (on the order of tens of editable target sites). This further

limits the potential duration of recording and resolution of resulting trees.

To address these critical issues, we designed a new generative recording system termed
the hypercascade. This system takes advantage of A-to-G base editors'®, which can make
specific, single base pair mutations with high fidelity and allow dense packing of target
sites. The defining feature of the hypercascade is that editing existing target sites
generates new editable target sites in an approximately 1:1 ratio. Edits can therefore
accumulate over time without diminishing the number of remaining editable target sites
for an extended period. Simulations reveal that this generative property linearizes the rate
of editing over time and improves the accuracy of lineage reconstruction. At the same
time, this strategy enables dense packing of target sites, approaching a density of one
target site every five base pairs of sequence, allowing vast amounts of memory to be

integrated into single cells for recording.

Experimental analysis in mouse and human cells showed that the generative editing
property works as designed. One-shot engineering of the system into human induced
pluripotent stem cells enabled reconstruction of gross clonal features, although was not
sufficient to confidently resolve detailed lineage relationships. Finally, we used

simulations to assess the potential of hypercascades to systematically record chromatin
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state transitions across time. Future work will aim to develop multiplexed single-cell

methods to fully take advantage of the strengths of hypercascade recording.

The hypercascade design allows sustained recording through generative editing

In contrast to some editing mechanisms, CRISPR A-to-G base editors (ABEs) are
distinguished by their ability to generate precise and predictable single base mutations at
defined target sites (Figure 1A). Further, tandem arrays of base editor target sites allow
compact genetic encoding of multiple bits of recorded information. Edits can accumulate
over multiple cell generations and are stably inherited by daughter cells (Figure 1B).
Consequently, readout of edits by sequencing can in principle be used to reconstruct cell

lineage relationships (Figure 1B).

Even if it densely encodes multiple bits, a simple tandem array of base editable target
sites faces a fundamental limit in its recording capacity: if each individual site has a
constant probability of editing per unit time, as has been observed!?!, then the number of
available unedited sites decays exponentially over time. Early generations receive many

edits while later generations receive few or none (Figure 1C, D).

One way to circumvent this problem is to generate new target sites as old ones are
consumed by editing. As long as new sites can be generated, this scheme could keep the
total number of unedited sites, and therefore the edit rate, approximately constant. For
example, imagine a set of target sites organized into 4 logical “layers” (Figure 1C, right

panel) such that only layer 1 target sites (upper row) are initially accessible to editing.
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Further, assume that editing of layer 1 sites generates editable layer 2 sites (second

row). Similarly, editing of layer 2 sites could generate layer 3 sites (third row), and layer
3 edits could generate layer 4 sites (fourth row). In such a scheme, editing would
consume and generate sites at roughly the same rate, keeping the total edit rate constant

over time, at least until nearly all potential edits have occurred (Figure 1D).

We designed a base editable target sequence, termed the hypercascade, that exploits
unique properties of ABEs to implement such a scheme, and simultaneously provide high
density memory encoding. The ABE has two requirements for efficient function. One is a
20 bp homology sequence (encoded by the gRNA it complexes). The other is a 3 bp
protospacer adjacent motif (PAM), which is NGG for the most commonly used Cas9
homolog derived from S. pyogenes.'®® When these two requirements are met, an A in the
fifth or sixth position of the target sequence is mutated to a G (Figure 1A).! The
predictability of this edit outcome makes it possible for editing of available target sites to
repair engineered mismatches that otherwise prevent editing by distinct gRNAs at other

target sites (Figure 1E).

Taking advantage of this edit-repair principle, we designed a cascading system that packs
four target sites, representing four logical “layers,” into one tandemly repeatable 20bp
sequence. These target sites can be edited using four corresponding gRNAs. However,
only the layer 1 target site starts with a perfect match to its cognate gRNA and a
functional PAM. Each of the others is initially prevented from editing by at least two

mismatches in its protospacer sequence and PAM (Figure 1F).
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The final feature of this design is intended to enforce an ordered sequence of edits
(Figure 1F). Editing of a layer two site only becomes possible after two surrounding
layer one edits. Similarly, editing of a layer 3 site requires previous editing of two
surrounding layer 2 sites, and a previously edited layer 1 site. Finally, editing of each
layer 4 site requires previous editing of two surrounding layer 3 sites, as well as previous
editing of the layer 1 and 2 sites necessary for those layer 3 edits. We created an animated

video to explain and visualize the operation of the system at youtu.be/GRVMbn-dElc.

Conceptually, this system comprises a 2-dimensional array of linked edit cascades,
generalizing the concept; analogous to the way a hypersphere generalizes the concept of a
sphere, we term this structure a hypercascade (Figure 1E, F). The hypercascade design
allows dense packing of editable bases while requiring only four distinct gRNAs for
operation. The specification for this scheme leaves 11 base pairs unconstrained in the

20bp repeating element, yielding a total of approximately 4 million possible designs.

To test whether the hypercascade could address the exponential memory decay problem,
we simulated a stochastic edit process using the Gillespie algorithm(Gillespie 1977), and
compared a hypercascade of 20 repeating units (74 target sites total in a 403bp sequence)
to two simpler independent control editing schemes. The first contained 20 edit sites, one
per 20bp unit, comprising a similar overall DNA length (403bp), which is convenient for
standard Illumina sequencing readouts. The second control scheme contained 74 non-

interacting target sites, all of which were initially available for editing, which could be
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encoded in a longer stretch of 1.48kb of DNA. Thus, one control scheme maintained

the same DNA length while the other contained the same number of target sites.

With either control scheme, the number of subunits available for editing decreased
exponentially over time, as expected, such that few edits occurred at later time points
(Figure 1G). By contrast, the simulated hypercascade showed an approximately linear
accumulation of edits. For a given edit rate, the hypercascade extends the duration and
linearity of recording relative to independent recorders with the same total DNA length,
which saturate earlier regardless of how many total target sites they contain. Thus, in

simulations, the hypercascade successfully extended editing.
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Figure 1: The hypercascade system linearizes edit rate over time and densely packs mutable target sites. (A) The
CRISPR A-to-G base editor makes predictable mutations at defined target sites. (B) Reading out heritable mutations enables
reconstruction of cellular lineage relationships. (C) Atrrays of independently edited targets are exponentially lost over time; in
contrast, a system that generates new targets over the course of editing would maintain constant edit rate over an extended time
scale. (D) Generative targets are predicted to maintain approximately constant edit rate until the generative mechanism fails
(schematic). (E) New targets can be generated by repaiting protospacer and PAM mismatches through A-to-G mutations. (F)
This concept can extend to multiple unlocking layers of densely packed target sites. This sequence consists of a tandem
repeating 20-mer which is acted on by four unique guide RNAs. Mismatches that are repaired to generate new targets are
indicated with arrows. (G) Simulations of editing in this scheme reveal linear edit accumulation relative to arrays of
independent targets.

Simulations show that the hypercascade enables more accurate lineage

reconstruction than a simple array

In this context, the hypercascade is intended to function as a lineage recorder. Therefore,
it is critical to test not only whether edits occur linearly over time but also whether the
typical patterns of edits produced can allow accurate lineage reconstruction. To address
this question, we simulated a population of cells undergoing repeated rounds of division,
while also stochastically editing either the 74 site hypercascade or one of the two
independent control target arrays described above (Figure 2A). Stochastic editing was
simulated in both systems across a range of edit rates, array copy numbers, and lineage
tree depths. After simulating trees in the forward direction, endpoint barcode states were
used to reconstruct cell lineage relationships using the Unweighted Pair Group Method
with Arithmetic mean (UPGMA)'?. Finally, reconstructed trees were compared to
ground truth trees using the normalized Robinson-Foulds distance, where 0 represents a
perfect topological match between the ground truth and reconstructed trees, and 1

represents two maximally different trees (Figure 2A).

We first compared the hypercascade to an independent array of equal DNA length. We

fixed the mean tree depth at 10 cell divisions and varied both edit rate and array copy
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number (Figure 2B). At low edit rates, the hypercascade performed comparably to a

20-unit array. This is to be expected, as the first layer of the hypercascade is essentially
equivalent to 20 independent units. At higher edit rates, two main benefits of the
hypercascade became clear. First, high reconstruction accuracy was attainable for fewer
integrations of the hypercascade compared to the 20-unit array (Figure 2B). Second, the
hypercascade was relatively insensitive to edit rate. This feature is enabled by the
generation of new target sites as old sites are depleted, linearizing the loss of targets over
time and preventing the exponential loss of memory characteristic of independent units
(Figure 1D). Similar results were obtained using a simple model of Cas9 editing that
produces multiple terminal edit outcomes at each of the 20 target sites (Supplemental
Figure 1). These results suggest that, for the same total DNA length and edit rate, the

hypercascade is either similar to or outperforms the independent target arrays.

We next asked how the hypercascade would compare to an independent editable system
with the same total number of target sites (Figure 2C). Because fully independent targets
are uncorrelated, they have the potential to contain more information (higher entropy)
than hypercascade targets, where some barcode states are never realized due to the
ordered nature of editing. We fixed the target copy number to 3 and varied both edit rate
and mean tree depth in both simulated systems. At very low edit rates, the independent
array modestly outperformed the hypercascade. However, in regimes of higher edit rate
or tree depth, where independent arrays saturate, the hypercascade dominated due its

extended editing dynamics (Figure 2C). We expect that the hypercascade would also



97

outperform larger independent arrays for deeper trees, even when edit rates are low,

due
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Figure 2: Hypercascades allow lineage recording and reconstruction across a broader range of target copy

numbers and edit rates compared to arrays of independent sites. (A) Stochastic simulations of target editing and cell
division together enable comparison of lineage reconstruction accuracy between independent and hypercascading systems. (B)
Holding tree depth constant, the hypercascade system outperforms an independent atray of targets with comparable sequence
length over a variety of edit rates and copy numbers. (C) The situation is more nuanced comparing the hypercascade to
independent arrays with the same total number of targets.

Different hypercascade sequences operate orthogonally with distinct kinetics

To experimentally assess the functionality of the hypercascade in cells, we constructed
three different hypercascade sequence arrays, all based on the same design principles, but
differing at unconstrained sequence positions (Figure 3A). Each sequence contained 19
tandem repeats of its 20bp unit, plus an additional partial unit containing a PAM site, for
a total length of ~400bp, which is short enough to fit on a single sequencing read. To
choose bases at the unconstrained positions, we used a machine learning model of Cas9
edit rates to select bases predicted to allow high edit rates in all four layers®’ (Figure 3A,

Methods).

We then integrated each of the barcode arrays together with ABE in a mouse embryonic
kidney fibroblast cell line'?* via piggyBac transposition. We selected stable polyclonal
lines, each containing ABE and one or more copies of the integrated hypercascade. We
then initiated editing by transfecting piggyBac transposons containing gRNA expression

constructs.

To test the orthogonality of the gRNA-target site pairs, we examined all pairwise
combinations of gRNAs and target designs. We allowed editing to continue for up to 44
days after gRNA transfection, periodically harvesting cells, and sequencing their

hypercascades. In these experiments, editing occurred only for the expected gRNA-
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hypercascade match, as expected (Figure 3B). Further, the fraction of edited sites

increased linearly over time for all three target sequence designs (Figure 3C).

Previous studies with wild type Cas9 have shown that the nuclease still edits targets with
a small number of mismatches, although at a reduced rate, especially at targets with
functional PAM sites.*®”12% This mismatch editing efficiency has been found to depend
on both the sequence of the protospacer and the distance of the mismatches from the
PAM site, with higher tolerance of mismatches at sites further from the PAM.3%67125 we
therefore sought to detect potential out-of-order editing, and quantify the rate at which it
occurs. Edit rates were highest for gRNAs with perfect homology with their target.
Consistent with previous findings, the editing rate typically decreased with more
mismatches and was especially suppressed when the PAM site was broken

(Supplemental Figure 4).

Finally, we asked whether edits accumulated sequentially through the designed
mechanism (Figure 1E). We compiled reads from all time points, grouped them by the
total edits per read and by their layer identity, and plotted the distribution of edits for
each layer (Figure 3D). Each site was parameterized by a layer-specific edit rate, with
multiplicative edit rate penalties for each possible mismatch, disfavoring premature edits.
These plots reveal an ordered structure, with edits generally occurring in the expected
sequence. Further, the patterns of accumulated edits could be well fit by a stochastic
model of editing incorporating all edit rate parameters, including the low rates of editing

at mismatched target sites (Figure 3D, solid lines and Figure 3E; Supplemental Figure
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4). Taken together, these results indicate that the hypercascade successfully generates

new targets during editing, as designed, leading to the intended linear and sequential

accumulation of edits.
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Figure 3: The hypercascade exhibits sequential editing in living cells. (A) Three different implementations of the
hypercascade were stably integrated into a mouse embryonic kidney line with either on- or off-target gRNAs. (B) Editing
occurs only in the presence of on-target gRNAs. (C) Edits accumulate linearly over a 44-day period. (D) Layers of targets
sequentially activate and are well fit by a stochastic model of editing (E).

One-shot transfection of the hypercascade editing system reveals broad clonal

features

A practical challenge for any recording system is integrating it into cells. In most
systems, integration requires laboriously engineering cells to express multiple
components, screening monoclones, and potentially repeating the whole process until cell
lines with the desired characteristics are generated. We decided to explore whether, with
the hypercascade, one could simultaneously integrate all components in a single step
through piggyBac transposition. Resulting clones could then be selected in a single
antibiotic selection step prior to downstream experiments being immediately performed
on the resulting polyclonal cell line. This approach could enable recording in systems that
are traditionally difficult to engineer or prone to silencing, including primary cells and

human induced pluripotent stem cells (hiPSCs).

We investigated this approach using hypercascade target sequence 1 by simultaneously
transfecting all components into hiPSCs, selecting with antibiotic for 1 day, then
continuing culture of the cells and collecting samples every passage for genomic DNA
extraction once they recovered (Figure 4A). Edits accumulated over time after an initial
delay period (Figure 4B). This delay may reflect excess episomal plasmid arrays
persisting from the initial transfection, slowly diluting out over time, and competing with
genomically integrated target sites for editing and amplification. After the initial delay,

edits accumulated through day 23 post transfection (Figure 4B). As in the previous
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experiment (Figure 3D), the distribution of edits into different layers was consistent

with sequential activation of layers (Figure 4C). These results indicate that generative

hypercascade editing can be achieved with a single genome engineering step.

Interestingly, the frequency of reads with different total numbers of edits naturally
grouped into several distinct distributions (Figure 4D). These likely represent individual
clones or groups of clones that received specific copy numbers and integration sites for
the editing component plasmids, leading to different edit rates. Distributions shifted to the

right over time, as would be expected in the context of genomic edit accumulation.

We identified unique edit patterns within the data and reconstructed lineage relationships,
leaving out targets with few edits that contain relatively little recorded information
(Figure 4E). We find that medium- and high-edit rate cells cluster together into clades, a
feature that is not retained in a scrambled barcode control (Figure 4F). The mean depth
of the reconstructed tree is similar for reads generated from both medium and high edit
rates, and is only slightly smaller than the number of generations expected for hiPSCs
over 23 days of recording, where we would anticipate roughly 23 cell divisions (Figure
4G). Based on our simulations, however, we do not expect that individual clade
bifurcations are resolved with perfect accuracy given only a single hypercascade copy
(Figure 2B). Together, these results indicate that one-shot transfection has the potential
to identify broad clonal features within a population of cells but is likely insufficient to

capture detailed lineage relationships at the single cell level with the current design.
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Figure 4: The hypercascade can be integrated in a single step and used for subsequent lineage recording. (A) All
components of the system were simultaneously integrated into hiPSCs. (B) Edits accrued on integrated targets over a 23-day
time course. (C) Layered targets sequentially activated. (D) Read counts binned by total edits present a multimodal distribution
with peaks that shift right over time. (E) Hierarchical clustering reconstructed lineage relationships between 3,289 unique
barcode sequences observed with at least 22 accumulated edits. (F) The mean cophenetic distance between pairs of cells from
distinct edit rate groups is lower than in a randomized barcode control, identifying edit rate as a clonal feature. (G) The average
tip depth is estimated to be approximately 17 generations.
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Hypercascades have the potential to record chromatin transition dynamics
In addition to recovering lineage relationships, the recording field has long sought to
record other biologically meaningful signals***. By making the rate of editing dependent
on a signal of interest, one can, in appropriate parameter regimes, simultaneously
reconstruct lineage and signal intensity over time based on the endpoint edit pattern
(Figure 5A). This works because once edit patterns have been used to reconstruct a
lineage tree, it is possible to assign individual edits to the point on the tree at which they
most likely arose. The density of edits on each branch of the tree is then, ideally,
proportional to the signal intensity, as represented by edit rate, during the corresponding
time interval or cell cycle. One of the most biologically interesting signals to record is the
accessibility of different chromatin loci, which can change dynamically during

differentiation and other processes.

91267128 129,130

Previous work demonstrated that Cas and prime editing are dependent on
chromatin context. We reasoned that this effect could extend to the ABE, which is itself a
Cas9 fusion protein. To test this hypothesis, we employed a female mouse embryonic
kidney cell line derived from two mouse species, M. musculus and M. spretus (the Patski
line, Figure 5B)!?*!31:132_[n this line, one X chromosome comes from each species,
which can be distinguished by the presence of single nucleotide polymorphisms (SNPs)
present roughly every 80 bp along the sequences (Figure 5B). These cells have already

undergone X inactivation, with the silent X in this line associated exclusively with the M.

musculus allele, while the active X derives from M. spretus.
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Patski cells present an ideal system for assaying the effects of chromatin silencing on

base editing, since identical sequences present on the active and inactive X chromosomes
can be simultaneously targeted by a single ABE-gRNA pair. Further, a recent study of the
Patski line characterized differences in chromatin accessibility along the active and silent

X chromosomes by ATAC-seq'’!

. We reasoned that chromatin accessibility might be
most tightly controlled near the transcription start site (TSS) of genes, specifically in

regions where ATAC peaks were present on the active X but not the silent X.

To investigate differential base editing at these sites, we engineered a stable, polyclonal
population of Patski cells to constitutively express the ABE. We then transiently
transfected sgRNAs targeting endogenous loci into the cells and performed amplicon
sequencing at multiple time points (Figure SC). We grouped the reads based on their
chromatin context, then determined the edited fraction at each target site. If chromatin
context impacts the edit rate, we expect to see a disproportionate amount of editing on

reads associated with open chromatin.

We designed gRNAs targeting 12 sites that contained differential ATAC peaks in a 2 kb
window upstream of the TSS in 9 separate genomic loci (Figure SC, Supplemental
Figure 6A). Almost all target sites exhibited differential editing between X alleles, in
some cases with an over 40-fold ratio of active to silent editing. Similar results were

obtained targeting 10 sites within a single locus (Supplemental Figure 6B).

We hypothesized that the high density of target sites packed into a single genomic locus

by the hypercascade could enable recording of chromatin state transitions if the
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chromatin context of hypercascades shifts between open and closed during lineage

recording. We used stochastic simulations to investigate this possibility, considering a
model in which a cell contains 20 distinguishable copies of the hypercascade array
integrated at different genomic locations. We aim to model differentiation of a
multipotent cell into terminal fates, where some genomic loci transition from open to
closed or closed to open chromatin. In our simulations, 15 of the integrated barcodes are
inserted into statically open chromatin, which never changes (Figure SE). The remaining
five barcodes are inserted into dynamic chromatin, which will change state along some
lineage trajectories. We modeled the transition from open to closed chromatin by a four-

fold change in editing rate, as observed in the Patski experiments.

To investigate what types of trajectories through epigenetic space could be recovered, we
contrived a differentiation process marked by progressive state commitment over time
(Figure SF). At every cell division event, cells were allowed to transition between
differentiation trajectories at a defined rate (Figure SF, right). The simulation was
divided into 5 epochs. Transitioning between each epoch led to progressively more
restricted mixing between trajectories, until each differentiation trajectory became
canalized into its own path. Two of the trajectories (Figure 5F, blue and pink) shared a
common progenitor across the first three epochs before diverging to become
distinguishable terminal fates. In contrast, the other two trajectories (Figure SF, orange
and green) had distinct trajectories from the outset, but converged on the same final fate,

modeling convergent differentiation known to occur in some natural systems.
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To reconstruct chromatin histories based on the simulated hypercascade edit patterns

in these cells, we first reconstructed lineage histories across 200 simulated trees using the
UPGMA method. We then estimated the edit rate along every branch of the tree based
only on the terminal barcode sequences and inferred lineage using a custom R script. This

yields an estimate of edit rate across time for each cell (Figure 5G).

Even with the abundant memory of the hypercascade, the estimate of chromatin
trajectory for any individual cell is inherently noisy. However, it is possible to get a more
accurate picture of chromatin dynamics by averaging over many cells that experience the
same trajectory. An initial challenge is to identify which cells in a pool belong to a given
trajectory. We accomplished this by fitting fourth degree polynomial curves to the
dynamic curve for each integration in each simulated cell, then clustering the cells based
on their fitting parameters. This method accurately groups simulated cells by trajectory

for sufficiently high edit rates (Figure SH).

Finally, we fit smoothed curves across the cells belonging to each cluster to identify the
edit rate across time for each integration locus, mirroring the chromatin accessibility at
that locus (Figure SI). Promisingly, all four trajectories yielded curves that reflect the
underlying differentiation process we defined. Although we simulated sharp transitions,
these are blurred out across time in the resulting estimates (Figure 5I). More
sophisticated modeling, and potentially incorporation into a Bayesian framework, could

enable even better reconstruction of chromatin dynamics. Together, these results suggest



109
that hypercascades have the potential to be used not only to reconstruct lineage but

also to recover chromatin dynamics, a possibility that could be explored in future work.
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Figure 5: ABE editing is modulated by chromatin state, which has the potential to allow dynamic chromatin
recording. (A) Linking biological signals, such as chromatin state, to edit rate can enable dynamic inference of the signal in
single cells. (B) Patski cells, a female hybrid mouse cell line, contain a diploid genome with one allele representing each parental
species, rendering alleles distinguishable through single nucleotide polymorphisms. (C) One X allele is constitutively silenced,
allowing internally controlled investigation of editing at silent and active DNA sequences. (D) Across multiple target sites, we
estimate a 4-fold increase in editing at open chromatin compared to closed. (E) Hypercascades integrated at high copy number
may be able to recover both lineage and dynamic chromatin context information at their insertion locus. (F) We simulated a
hypothetical heterogeneous differentiation, where cells transition through different states (marked by differences in chromatin
state across 5 hypercascade-containing loci). (G) Lineage reconstruction enables noisy inference of dynamic edit rate
modulation (a proxy for chromatin state) over time for each cell. (H) Single cells cluster into discrete groups based on their
inferred chromatin transition history. (I) Averaging across all cells in a cluster gives qualitatively accurate estimates of the
dynamic chromatin history experienced by each group.

Discussion and conclusions

Recording lineage relationships over long timescales and in many cells is necessary to
understand organismal development but is in general a difficult problem. Most CRISPR
recorders to date are limited by a small number of mutable sites and an editing
mechanism that makes exponentially greater mutations at early points in time. We
developed the hypercascade to address both challenges by densely packing editable
targets in short synthetic DNA sequences in such a way as to create on average nearly 1
new target site for every site used, linearizing the rate of edit accumulation over time
(Figure 1). Simulations reveal that this strategy can dramatically improve the ability to
reconstruct lineage relationships in an edit-rate dependent manner (Figure 2). Many
sequences exist that can linearize editing by our design; we show that three examples all
produce the designed behavior (Figure 3), although with occasional out-of-order edits
(Supplemental Figure 1-4). In addition to traditional cell engineering strategies, the
hypercascade system can be added to cells in a single step. We demonstrated this by
integrating the components into hiPSCs and recording over a 23-day period (Figure 4).
Using the genomic records, we identified edit rate as a clonal feature and generated a

partially resolved tree containing thousands of cells from only a single barcode. Going
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forward, simulations indicate that genomically multiplexing hypercascade barcodes

will enable near-perfect reconstruction of developmental processes (Figure 2).

The information rich datasets from polyclonal editing experiments (Figures 3 and 4)
allow us to estimate the rates at which out-of-order editing occurs, where the ABE edits
targets that have mismatches compared to the gRNA sequence (Supplemental Figure 1).
As anticipated, we find that edit rates are highest when gRNAs have perfect homology
with their target. Consistent with previous findings, editing rate typically decreases with
more mismatches and is especially suppressed when the PAM site is broken
(Supplemental Figure 4). We used a simplified model of mismatch editing to generate
stochastic editing models for each specific hypercascade sequence (Figure 3D, E and 4C,

solid lines).

Hypercascade recording has some limitations in its current form. At long time scales it is
not clear whether barcodes continue to edit effectively. For one of the three targets
investigated, full length targets could no longer be recovered by PCR from samples of the
population at days 32 and later. Instead, a much shorter product is formed by PCR
(Supplemental Figure 5). Notably, this target was observed to edit more quickly than
the other two targets during the first 15 days, at a rate approximately 5-fold faster.
Control samples with the same targets but with mismatched gRNAs were still able to be
amplified and sequenced; full length targets were observed in the resulting reads (Figure
3A and Supplemental Figure 5). The other two barcode samples were also able to be

recovered and sequenced by PCR amplification (Supplemental Figure 5). This could
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indicate a low rate of barcode collapse due to the repetitive nature of the sequences,

which may set an upper bound on the length of time for system recording.

Future work will bring the hypercascade to the single-cell level, facilitating joint
measurement of the transcriptome alongside lineage barcodes, and address issues of
barcode collapse. We speculate that different base editors, in particular those that rely on
catalytically dead Cas9 rather than the Cas9 nickase, could reduce collapse incidence by
creating less local damage to DNA and prompting different repair pathways. In principle,
edits read out at the single cell level can further be used to reconstruct the dynamics of a
given signaling pathway or phenotypic feature, so long as that feature is linked to edit
rate.”"* We find that ABE edit rate can be modulated not only transcriptionally, but also
epigenetically based on the chromatin context of the target site (Figure 5). Simulations
show that hypercascades integrated at high copy number have the potential to capture
chromatin state transitions at each insertion locus (Figure 5), potentially yielding a
temporal recording of chromatin state that can be recovered with an endpoint measure.
We envision many applications that can benefit from hypercascade technology as we
continue to build understanding in how cells coordinate to form and maintain complex

structures.
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Methods

Cell culture

Patski cells were a generous gift from Christine Disteche and Mitch Guttman. For routine
culture, Patski cells were maintained in DMEM with 4.5 g/L glucose, L-glutamine, and
sodium pyruvate supplemented with 10% Tet-approved FBS (Clontech) and 500 ug/mL
Pen-Strep. When cells reached roughly 80% confluence they were split at a ratio of 1:6
by dissociation with StemPro Accutase (ThermoFisher Scientific). Cells were frozen as

necessary in culture medium with 10% DMSO.

Human iPSCs (line WTC-11 / GM25256, NIGMS Human Genetic Cell Repository) were
cultured as colonies on embryonic stem cell qualified Matrigel (Corning) with mTeSR1
Complete media (Stem Cell Technologies), changing media daily during culture. Plates
were coated according to manufacturer instructions. Cells were passaged every 4-5 days

as small clumps using ReLeSR gentle passaging reagent (Stem Cell Technologies).

Cloning

PiggyBac vectors for ABE integration were developed by Gibson cloning a linear PCR
fragment containing ABE7.10 (generated from pCMV-ABE?7.10, a gift from David Liu;
Addgene plasmid # 102919) into a linearized piggyBac'® insertion vector backbone
containing the human Efla promoter and puromycin resistance (final vector PB-EF1a-

ABE-puro).
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gRNA expression plasmids were cloned using the GoldenGate'** method to

simultaneously integrate multiple U6-gRNA fragments in tandem into a piggyBac
backbone containing inverted terminal repeats (ITRs) and a blasticidin resistance gene

(final vectors HO1-4xgRNA-blast, H05-4xgRNA-blast, H10-4xgRNA-blast).

Hypercascade target plasmids, containing repetitive target sites, primer sites, and
piggyBac ITRs were synthesized by Genewiz and used directly (final vectors HO1, HOS,
and H10). We elected to use rearranged ITR sequences described previously!** to
minimize the amount of genomically integrated DNA. In final hypercascade barcode
designs, the free 11bp (Figure 1E,F) were chosen based on a machine learning algorithm
(Azimuth 2.0°7-13%) that predicts the editing activity of Cas9 target sites. Each target
contained 20 repeats of the 20-mer repeat sequence for a total of 70 editable target sites
per barcode (as no PAM site was included for the 20th repeat). Azimuth 2.0 on-target
targeting score predictions were chosen to meet the following criteria: layer 1 > 0.7; layer
2>0.65; layer 3 > 0.65; layer 4 > 0.6. Final target sequences used in experiments, as well
as several further sequences that passed the design specifications, are listed in
Supplemental Table 1. All plasmids were verified by Sanger sequencing prior to use.

Sequence maps are available as supplemental data.

Generation of stably integrated lines

The Super PiggyBac Transposase system (System Biosciences) was used to generate

Patski cells expressing ABE. Patski cells were transfected with PB-EF1a-ABE-puro

104

along with a vector encoding Super piggyBac Transposase ™" at a mass ratio of 4:1 using
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FuGENE HG transfection reagent following the manufacturer’s protocol in a six-well

plate (Promega). A negative control was performed by transfecting a plasmid encoding
GFP without a selection marker. Polyclonal lines were selected with antibiotic (1 ug/mL
puromycin) for a period of 14 days, until all cells had died in the negative controls and
cells recovered under selection. Lines were expanded in standard media and frozen down
for use as needed. Hypercascade targets were integrated into this cell line by transfecting
a 10:1 mass ratio mixture of hypercascade target to PB-PGK-ABE-neo vector along with
a vector encoding piggyBac transposase using FuGene as described above, then selected
with geneticin (500 ug/mL). To start hypercascade editing in Patski cells, a third
piggyBac transfection of a vector containing the four gRNAs for hypercascade editing
and blast resistance was transfected into the polyclonal hypercascade target lines along
with piggyBac transposase using the FuGene reagent as above. All combinations of
targets and gRNAs were tested individually. These lines were selected with blasticidin

(10 ug/mL) for the first 15 days in culture.

For hiPSCs, cells were single suspended 24 hours prior to transfection, counted, and
plated in 24 well plates at a concentration of 26.3k cells per cm2. Rock inhibitor Y-27632
(10 uM) was included in the culture media from this point until the end of the antibiotic
selection to facilitate cell survival (StemCell Technologies). hiPSCs were transfected
with mixtures of 100 ng transposase, 167 ng EFla-ABE-puro, 167 ng HO1, and 167 ng
HO1-4xgRNA-blast vectors. LipofectSTEM lipid transfection reagent was included in
transfection mixtures to add a final volume of 2 uL to each transfected well of a 24 well

plate as recommended by the manufacturer (ThermoFisher). For editing negative control
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samples, the HO1-4xgRNA-blast plasmid was exchanged for 167 ng of ePB-CAG-

H2B-Cerulean. As a negative transfection control, parallel samples were transfected with
no vector. Transfected cells were allowed to recover for 48 hrs after transfection, then

were selected with puromycin (1 ug/mL) for 24 hrs.

In each case, samples were expanded and split with each passage to save cells for
sequencing. Collected cells were pelleted at 800xg for 5 min, the supernatant was

aspirated, then frozen at -80 C to await genomic DNA extraction.

Endogenous editing in Patski cells

To initiate editing of endogenous targets in Patski cells, gRNA was transfected directly
into polyclonal cells selected to express PB-EF1a-ABE-puro as described above. Custom
crRNA-XT reagents were purchased and used following manufacturer instructions
(Integrated DNA Technologies, homology sequences listed in Supplemental Table 3).
gRNA complexes were transfected by lipofection using the RNAIMAX reagent
(ThermoFisher Scientific) at either 15 or 30 nM final gRNA concentration, using a 2:1
ratio of transfection reagent to gRNA in either 6 or 24 well plates. Cells were passaged
the day after transfection. Subsequently, samples were split with each passage to save
cells for sequencing. Cells for sequencing were centrifuged at 800 RPM for 5 minutes,
the supernatant was aspirated, and pellets were frozen at -80 C to await genomic DNA
extraction. This sample collection and passaging process was repeated to collect cells at

multiple timepoints.
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Targets were selected based on a publicly available dataset containing genome-wide

ATAC peaks for the Patski cell line focused only on the X chromosomes'®!. The goal was
to identify regions that showed differential accessibility between the two X alleles. Since
we are interested in target sites that can be informative of cellular state, we decided to
focus on promoters. We retrieved 2,000 bp length regions upstream of all promoters on
the X chromosome and asked whether they contain differential ATAC peaks between the
two chromosomes. To classify peaks, we used the ATAC differential score, which ranges
from -0.5 (no differential accessibility) to 0.5 (maximum differential accessibility) as
defined by Bonora et al'*!. We counted the number of peaks within each promoter region,
summed their score and finally selected promoter regions with the highest score. For the
X chromosome, the dataset contained in total 1605 ATAC peaks, of which only 204 have
0.5 scores. Therefore, even the promoters with the highest score showed 1 or 2 peaks at
most. We finally inspected the selected regions using the UCSC Genome Browser to
confirm that the regions did not overlap with transcribed regions, and chose 12 of the

resulting ATAC peaks for further analysis.

Library preparation

Genomic DNA was extracted using the Qiagen DNEasy Blood and Tissue kit, following
manufacturer instructions for cultured cells. In some cases, the process was automated
using a QiaCube (Qiagen). DNA concentration was measured by Nanodrop. If the
concentration was below the limit of detection for the Nanodrop (5 ng/uL) or samples did

not exhibit characteristic 260/280nm absorption ratios, samples were further concentrated
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and purified using the Zymo Clean and Concentrator kit following manufacturer

instructions for genomic DNA.

Amplicons were generated for sequencing by a 2- or 3-step PCR approach based on the
Ilumina 16S amplicon sequencing protocol. Region specific primers were designed for
each target site with added Illumina adapter sequences (Supplementary Table 2). PCR
reactions were setup using Phusion HF 2x Master Mix with gDNA template
concentration 5-20 ng/uL and primer concentration 200 nM for the forward and reverse
primers. Reactions were denatured for 30 sec at 98 C, then cycled for 35 rounds with 10
sec at 98 C, 30 sec at primer-set specific annealing temperatures chosen using the NEB
Tm calculator tool (https://tmcalculator.neb.com/), and 30 sec at the extension
temperature of 72 C. Finally, reactions were incubated at the extension temperature for

10 min and stored at 4 C for future processing.

Products were briefly centrifuged then purified with AMPureXP magnetic beads using a
1:1 ratio of sample:beads and following manufacturer instructions (Beckman Coulter).
The purified round 1 PCR product served as the template for a second PCR reaction.
Primers for the reaction contained Illumina adapter sequences and Nextera XT i5 and 17
combinatorial indices to allow for sample multiplexing. Reactions were cycled 35 times
as above with an annealing temperature of 60 C. Samples were briefly centrifuged and

purified using AMPure XP beads with a bead-to-sample volume ratio of 1.2:1.

For the samples used to generate Supplemental Figure 5B, unique molecular identifiers

(UMIs) were incorporated to control for potential PCR bias. In this scheme, an additional
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linear PCR step was included prior to round 1 PCR using only a region-specific

forward primer containing the Illumina adapter sequence and a random sequence of 10
bases. The reaction was cycled between annealing and extension temperatures for 5
rounds, denaturing DNA template only once at the beginning of the reaction to ensure
that each extended primer bound to only one DNA target. In this way, target sequences
are linearly amplified with one UMI being attributable to each genomic DNA target
present in the original sample. The products of this reaction were purified with
AMPureXP beads using a bead-to-sample-volume ratio of 1:1 as described above. This
reaction was used as the template for the round 1 exponential PCR reaction, priming with
a locus specific reverse primer and a forward primer designed to bind the Illumina
adapter overhang of the linearly extended fragments. From this point, samples were

processed as described for the non-UMI samples above.

Samples were run out on 2% agarose gels either independently or in mixtures to assess
product purity, and concentrations were measured by Nanodrop. Samples were pooled
into 4 nM libraries at an equimolar ratio. These libraries were denatured by addition of
0.2 M NaOH, then mixed with similarly denatured PhiX control DNA to increase library
diversity (5% PhiX). Samples were run pair end with either 2x250 cycle v2 or 2x300
cycle v3 MiSeq reagent kits following manufacturer instructions. Final libraries were

loaded at a concentration of 4 pM.

Next generation sequencing and data analysis
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Hypercascade amplicon sequences were aligned to reference files using the Burrows-

Wheeler bwa-mem algorithm!%

. Only reads mapping to the correct target for each line
were considered for further analysis. A custom R-script was used to extract base calls and
quality scores for each editing target position in the reads. Base calls with quality less
than 10 were treated as “N”. The fraction of edited targets over time was computed as the
fraction of G base calls divided by the sum of G and A base calls for a time point (Figure
3C and Figure 4B). For layer distribution analysis and mismatch edit rate estimation,
reads containing “N” were excluded (Figure 3D, Figure 4C-E, Supplemental Figures 3

and 4). Reads were then grouped by total number of edits (G base calls) on the target

sites. Groups with sample size less than 30 were excluded.

A Kallisto'*®-based pipline was applied to analyze data for Supplemental Figure 6A. Raw
FASTQ files were directly aligned to a manually generated reference file containing, for
each amplicon, four sequences: the unedited amplicon sequence from the mm10 genome
(UCSC), the unedited sequence from the Mus spretus genome (Ensembl), and versions of

each sequence containing the predicted edit.

For the data presented in Supplemental Figure 6B, sequencing of relatively long
amplicons (~570 bp) was performed with 2x300 cycle paired end Illumina sequencing in
order to obtain information for all edited positions on each individual read. Stringent
quality filtering was applied to retain only base reads that had a quality score greater than

20 at the edited positions as described in the following paragraphs.
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Raw paired-end FASTQ files were merged using BBMerge using the xloose setting

(Department of Energy Joint Genome Institute). Where applicable, random 10-mer UMIs

were extracted from reads using UMI-tools'?’

. Merged reads were aligned to a reference
FASTA file containing only the unedited Mus musculus and Mus spretus sequences using
GraphMap, an aligner built to work well with error-prone reads'*®. The reference file was
manually generated by combining short genomic sequences containing the amplicons of
interest from both the sprefus (Ensembl) and mm10 (UCSC) genome assemblies. SAM

files were read into R and reads were queried for base calls and quality scores at editing

target positions and species SNP locations.

Reads were deduplicated based on their UMI with UMI-tools'*’. Each read contains five
SNPs that can be used to distinguish the X alleles. Alleles were classified by considering
reads that only contained perfect matches to all five SNP positions for one species or the
other. Editing was assessed at each target site individually, considering only reads that
had a quality score greater than 20 at the target site. Samples were discarded if there were

fewer than 30 reads remaining after UMI demultiplexing and quality filtering.

Mismatch edit rate estimation

To estimate mismatch edit rates, we assume, as in previous work**!121:139 that there is a
constant per-target edit rate for each possible gRNA/target combination (referred to here
as an “edit pattern”). We assume that the rate of edit accumulation for an edit pattern is

given by
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d_t = kd)S,

where G is the number of edits observed for that edit pattern, ¢ is time, k is the per-target,
per-unit-time editing rate constant (the parameter we are interested in), ¢ is a cell line
intrinsic parameter reflecting the expression levels of ABE and gRNAs in a cell, and s is
the number of target sites available for editing. Notably, since we are sampling from a
polyclonal population, our measurements are taken from cells with a broad distribution of

values. It is assumed that k and ¢ are independent of time.

Rearranging and integrating, p can be estimated by evaluating

Gr
k= ——
¢ Jy s()dt

at time T, where G is the number of edits measured at time T. Every read has a G
associated with it. We also know the total number of edits accumulated on each read and
the time when it was measured. We use the overall edit rate per read as an estimate of ¢,

normalizing out variance due to heterogeneous ABE and gRNA expression.

It is not possible to assume a functional form for s(t) a priori due to the interdependent
nature of editing. The functional form varies widely for different edit patterns. From the
data, we can extract s as a function of the total number of edits per read, taking the mean
value at each point. Assuming the total number of edits on a read increases linearly with

time (an assumption that seems reasonable given the design of the hypercascade and data
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in Figures 3 and 4), we can locate a read along the trajectory of s based on the total

number of edits on that read, rescale the “edit time” into real time based on the time point
when the read was collected, and integrate the mean s curve in real time for every read
(Supplemental Figures 2-4). The mean and standard error of the estimates of k over all

reads for each edit pattern are plotted in Supplemental Figure 4.

Stochastic simulations

Hypercascade editing was simulated in R using the Gillespie method(Gillespie 1977),
where each target site is assigned a propensity to edit in a given time period. Briefly,
waiting times between edits are assumed to be exponential. To simulate editing, a waiting
time is drawn based on the total propensity to edit any site, then the specific site to be
edited is randomly selected, weighting the choice in proportion to each unedited target’s
propensity. To investigate theoretical performance of the system, editing was constrained
to only allow edits with perfect homology between gRNAs and protospacer sequences as
well as completely intact PAM sites (Figure 2). For this part of the study, each site was
assigned an identical propensity. Cell divisions were modeled by duplicating barcode
sequences with waiting times drawn from a distribution derived from Eyring-Stover
survival theory that has been shown to better model cell division times than the

exponential distribution!®

. We chose to parameterize this distribution using 7 = 24 and
a = 0.9 to model hiPSCs, which typically divide approximately once per day. We

screened a variety of overall edit rates, total experiment times, and target array copy

numbers, averaging over 30 independent replicates for each parameter set (Figure 2).
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Independently edited barcodes were simulated in a similar fashion, except without any

attenuation of editing propensity based on the states of neighboring targets. To model
Cas9-based editing, we augmented the independent model to incorporate nine different
editing outcomes at each target site (all with equal propensities), mirroring the 3.2 bits of

information identified on average in Cas9 cut sites'*’.,

To better capture editing dynamics in the real system, editing in the presence of
mismatches and broken PAM sequences was allowed at an attenuated rate. Further, we
allowed each layer its own protospacer-specific edit rate. Mismatch editing was modeled
with a simplified, multiplicative model, where each position within the target where
mismatches could occur was penalized (Figure 3D, E). We applied non-linear least

squares fitting to polyclonal editing data to estimate parameters [, and p;. All simulation

and analysis R scripts are available as supplemental data.

Chromatin state inference simulations

Hypercascade editing was simulated alongside cell divisions as described above, with
each cell assigned 20 total barcode arrays, each containing 20 repeating subunits for a
total of 74 editable sites per array. Fifteen of the sites were assigned a constant rate,
simulating insertions into statically open chromatin. Five of the sites had variable edit
rate, defined by the chromatin context of the site at different points in time during the
simulation (Figure 5F). Editing and cell divisions were allowed to proceed for six total

days, with open chromatin editing at a rate of two edits per barcode array per day and
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closed chromatin editing 3.98-fold more slowly (based on empirical measurements

from Figure 5D).

Simulations were divided into five evenly spaced epochs (Figure 5F). Four cell-state
trajectories were defined over the course of the epochs, with dynamic chromatin
trajectories assigned to each state. In some epochs, trajectories had redundant states (for
example, in the first epoch all trajectories had the pattern open-open-open-open-closed,
as visualized in Figure 5E, F). At each cell division, progeny had a chance to switch
trajectories based on a predetermined cell state transition matrix, which itself changed in
each epoch. Transitions were only allowed between trajectories while they had identical

chromatin patterns.

At the end of the 6-day period, lineages were reconstructed based on the resulting
barcodes for each cell using UPGMA. Ancestral barcodes were inferred by taking the
intersection of edit patterns for each child, starting at the leaves and working back to the
root of the tree. Edit rates for each edge were estimated from these ancestral sequences,

yielding noisy estimates of edit rate across time for each cell (Figure 5G).

To denoise these estimates, edit rate data for each cell was fit to a fourth-degree
polynomial. Fitting coefficients were clustered using a four-center Gaussian Mixture
Model (Mclust v6.1.1)'*!. Averaged trajectories across each group qualitatively

recapitulated the ground truth dynamic chromatin time course (Figure 5I).

Data availability
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All next generation sequencing data are available at the National Center for

Biotechnology Information Gene Expression Omnibus (NCBI GEO), accession number
GSE314635. All analysis scripts, custom code, and additional supplementary files are

available at data.caltech.edu, DOI: 10.22002/d15ek-0dx91.
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Supplemental information

A Hypercascade arrays typically outperform Cas9 arrays of comparable length

N, =3
Hypercascade Array Independent Cas9 Array (3.2 bit)
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Supplemental Figure 1: The hypercascade typically outperforms Cas9 based systems of equal length in simulations.
Cas9 can produce multiple editing outcomes where base editors produce only a single A-to-G transition. We used a simplified
model of Cas9 editing by allowing for each target state to take one of eight different editing outcomes (see methods). Holding
tree depth constant, the hypercascade system outperforms a simulated independent Cas9 target array with comparable
sequence length over a vatiety of edit rates and copy numbers but underperforms slightly for low edit rates and tree depths.
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A First order mismatch edit rates can be estimated from bulk sequencing data

All possible
Perfect targets for each layer Simplified most-likely mismatches
NGGNNAGNNAGNNAGNNANNNGG ARDA ARRA
Layer 2 Target NGGNNAGNNAGNNANNNGGNNGG AAA AAN
Layer 3 Target NGGNNAGNNANNNGGNNGGNNGG GAAGG *ARF*
Layer 4 Target NGGNNANNNGGNNGGNNGGNNGG GAGGG o s Sl

B For every observed mutation pattern, there is a most likely order by which it was generated

total mutations

possible temporal orders
through mismatches

edit 1 edit2
observation AAAR — GGRA 1 (most likely ordering)
GAA.
GAAA —» GGAA 2

Supplemental Figure 2: Mismatch edit rates can be estimated. Bulk sequencing data can be used to estimate edit rates
through either protospacer or PAM site mismatches under several assumptions (A). This is possible by making the assumption
that any edit pattern was generated in the most likely ordering of events (B).



Mismatch target availability varies as edits accumulate
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B Hypercascade design 2, Patski cells
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C Hypercascade design 3, Patski cells
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D Hypercascade design 1, hiPS cells
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Supplemental Figure 3: The editing process generates potential mismatch targets dynamically. To estimate
mutation rates for a given sequence context, we need to know the number of target sites seen by the editor over time. This can
be extracted from bulk sequencing data, both in Patski cells for designs 1 (A), 2 (B), and 3 (C), as well as for design 1 in

hiPSCs (D).



A Editing rate is reduced to varying extent bymismatches between the gRNA and target site

Hypercascade design 1, Patski cells
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Supplemental Figure 4: Mismatches decrease the rate of editing across all layers. Mismatch edit rates for many
sequence contexts can be estimated from bulk sequencing data. Typically gRNA-protospacer mismatches are estimated to
decrease edit rate, with multiple mismatches and mismatches proximal to the PAM site having greater effects. Error bars
represent standard error.
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Hypercascade barcodes can collapse with extended editing durations
Design 2 Design 3

Design 1
Day3 6 9 12 15~32 35 38 41 44 Day3 6 9 12 15~32 35 38 41 44 Day3 6 9 12 15~32 35 38 41 44

- - '
4

g samples
s

Mismatch gRNA  g4itin
controls

Supplemental Figure 5: Editing over long times can lead to target array collapse. Hypercascade sequences are amplified
from bulk genomic DNA and expected to produce a 500 bp product.
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Patski chromatin dependent editing data can be further stratified by day and transfection condition
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Supplemental Figure 6: Open chromatin edits more rapidly than closed chromatin. (A) 12 targets dispersed across the
X chromosome were targeted for base editing over a 1-5 day time course, transfecting either 15 or 30 nM of gRNA into cells
constitutively expressing ABE. Targets were selected to have differential chromatin accessibility on the active and inactive X
alleles based on existing ATAC sequencing data. Editing was quantified for each allele to determine whether chromatin context
impacts ABE edit rate. (B) An additional 10 targets were selected and targeted for editing within and around a single
differential ATAC peak from panel A. Cells were transfected with 30 nM gRNA only in this case.



Supplemental Table 1: Hypercascade target sequences investigated in this study.
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20mer Repeat Layer 1 gRNA Layer 2 gRNA Layer 3 gRNA Layer 4 gRNA
Target 1 | AGGACAGTCAG | AGGACAGTCA | CGGTCAGACA | CGGACAGTCAT | CGGTCATGAG
ACAGTCATG... GACAGTCATG | GTCATGAGGA | GAGGACGGT GACGGTCGGA
Target 2 | AGGTCAGACAG | AGGTCAGACA | CGGACAGTCA | CGGTCAGACAC | CGGACACAAG
TCAGACACA... GTCAGACACA GACACAAGGT | AAGGTCGGA GTCGGACGGT
Target 3 | AGGTCAGTCAG | AGGTCAGTCA | CGGTCAGTAA CGGTAAGTAAC | AGGTAACGAG
TAAGTAACG... GTAAGTAACG | GTAACGAGGT | GAGGTCGGT GTCGGTCGGT
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Supplemental Table 2: Primer sequences used in this study.

Amplicon

Primer Sequence

¢01 (Supplemental Figure 6A),
Forward, with Illumina
Adapters

TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGGGTAACCAAAGGCTGG
AGCTC

201 (Supplemental Figure 6A),
Reverse, with Illumina Adapters

GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGCCAGCGCCCACTATT
AAAGTACC

¢02 (Supplemental Figure 6A),
Forward, with Illumina
Adapters

TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGTGTGATGTGCATCCAG
TAATGTTCC

202 (Supplemental Figure 6A),
Reverse, with Illumina Adapters

GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGGAGTTGTCCAAGGCC
ACTGAG

203 (Supplemental Figure 6A),
Forward, with Illumina
Adapters

TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGCGTTTCAGCCAAAGTA
CTCCTCAC

203 (Supplemental Figure 6A),
Reverse, with Illumina Adapters

GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGGGCTAGCTCCTGACT
GATCAG

¢04 (Supplemental Figure 6A),
Forward, with Illumina
Adapters

TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGGGTACGTGCCCCAAGA
TAACC

¢04 (Supplemental Figure 6A),
Reverse, with Illumina Adapters

GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGCTTGCCCTGCTCTAG
CCTTG

¢05 (Supplemental Figure 6A),
Forward, with Illumina
Adapters

TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGCTGGCTAATGCCAAGG
ACTCTG

¢05 (Supplemental Figure 6A),
Reverse, with Illumina Adapters

GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGGGCTGGCCAAAGGA
CCATC

206 (Supplemental Figure 6A),
Forward, with Illumina
Adapters

TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGCTCAAAGAAGGCCAAA
GCCAAG

¢06 (Supplemental Figure 6A),
Reverse, with Illumina Adapters

GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGCTCATCCGGATCCTC
ACCAATC

207 (Supplemental Figure 6A),
Forward, with Illumina
Adapters

TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGGATAAACCTAGACAAT
GCTTCCAGG

¢07 (Supplemental Figure 6A),
Reverse, with Illumina Adapters

GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGCCACTGAGCTACATT
CTGAGTCC

208 (Supplemental Figure 6A),
Forward, with Illumina
Adapters

TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGCGAGCAAAACTAGGAG
TCTTTCC

208 (Supplemental Figure 6A),
Reverse, with Illumina Adapters

GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGGCTCTGGCTTCTGTA
GTGGG

209 (Supplemental Figure 6A),
Forward, with Illumina
Adapters

TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGCTCTGTTTATGCACAGT
GCCG

209 (Supplemental Figure 6A),
Reverse, with Illumina Adapters

GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGCTTGACGACACCCAC
TGGC

¢10 (Supplemental Figure 6A),
Forward, with Illumina
Adapters

TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGCAGGCAAGAAACTTCT
GCCAC

¢10 (Supplemental Figure 6A),
Reverse, with Illumina Adapters

GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGGCTGTGATTGGTATA
TGAGGCAGG

g11 (Supplemental Figure 6A),
Forward, with Illumina
Adapters

TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGCTGCATTGCATACCCAG
AGTTTC

¢11 (Supplemental Figure 6A),
Reverse, with Illumina Adapters

GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGGCTCAGGGTAACACA
CATGAGC
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¢12 (Supplemental Figure 6A),
Forward, with Illumina
Adapters

TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGGCTCCGAGGTACTGGA
AAGG

¢12 (Supplemental Figure 6A),
Reverse, with Illumina Adapters

GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGGAAGAGTCAAAGCTG
GGACACAG

Long Amplicon for Region 8
with UMI (Supplemental Figure
6B), Linear PCR Primer, with
Tlumina Adapters

CAGCGTCAGATGTGTATAAGAGACAGNNNNNNNNNNGCCACATGATGG
CTCACAAC

Long Amplicon for Region 8
with UMI (Supplemental Figure
6B), Exponential PCR Forward
Primer, with Illumina Adapters

TCGTCGGCAGCGTCAGATGTGTATAAGAGACAG

Hypercascade target, Forward,
with Illumina Adapters

TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGCAGTGCAGTGCTTGAT
AACAGG

Hypercascade target, Reverse,
with Illumina Adapters

GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGGATAGTCTGCGTAAA
ATTGACGCATG

Supplemental Table 3: Homology sequences for Patski guide RNA targets (Figure 5D and Supplemental Figure 6).

gRNA Target Homology Sequence

¢01 (Supplemental Figure 6A) CGTCGACTGCTGGTCACGTG
202 (Supplemental Figure 6A) TGTCCATCTCTGGACACAGG
203 (Supplemental Figure 6A) TCCAAAATGAGTAGAGACCG
¢04 (Supplemental Figure 6A) TAGGACTGTGTTACAAACAG
205 (Supplemental Figure 6A) TACCCAGCTCTTTGTCACAG
206 (Supplemental Figure 6A) ACACACCAAGAGATAGAGAG
207 (Supplemental Figure 6A) AAGTCAATTAAATGGCTGCA
208 (Supplemental Figure 6A) CGGAACACTGACCATGGTCA

209 (Supplemental Figure 6A)

GCCGACTTTGAAATTCGAGG

¢10 (Supplemental Figure 6A)

ACCCCAGTGAGCAATGACAG

g11 (Supplemental Figure 6A)

TTGGAGAAAGCACGTCACTG

¢12 (Supplemental Figure 6A)

ACTGTACCGAGCTAGCTCGG

gRNA 1 (Supplemental Figure 6B) TAGTAAACATTATGCACATA
gRNA 2 (Supplemental Figure 6B) CATCAAACAACCTTAATAAG
¢RNA 3 (Supplemental Figure 6B) TTTGAAGTGAGCCCTGACCA

gRNA 4 (Supplemental Figure 6B)

Same as g08 (Supplemental Figure 6A)

¢RNA 5 (Supplemental Figure 6B) CCTTCATAACTTGCCAACAA

gRNA 6 (Supplemental Figure 6B) TIGCCACGTCTGGATGCTCA
¢RNA 7 (Supplemental Figure 6B) TTACCATGAGCATCCAGACG
gRNA 8 (Supplemental Figure 6B) GTAAAAGAGATTAGTAACCC

gRNA 9 (Supplemental Figure 6B)

GGAGGAGGCACAGTCATCCT

gRNA 10 (Supplemental Figure 6B) AGGGAAGTAGGCTATGCAGG
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