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Genome science

Cells are essentially living computers, which they receive, integrate and respond to var-

ious signals. Although sharing an origin from a single zygote and a genome encoding the

same genes, they differentiate into a myriad of cell types/states, with different functions.

These differences may derive from different signals or heterogeneous responses to the same

signal. Capturing the history of cells can help us understand their current state and pre-

dict or even shape their future behavior. Current methods of profiling cell states usually

require destruction and only provide a snapshot of cell states, losing the information about

their history. Can we have a device in the cells that runs autonomously to record cellular

signals and events? Recently engineered genome engineering tools-CRISPR/Cas9 and its

derivatives- provide a unique platform for such a purpose, allowing researchers to effectively

alter/rewrite DNA sequence in a highly specific manner.

In my thesis, I focused on developing a DNA-based memory system where molecular sig-

nals and events could be recorded by alternating a pre-programmed stretch of DNA sequence,

which we termed DNA TAPE. I describe experiments and methods to mainly address two

questions: 1. How information can be encoded with the CRISPR system. 2. What informa-

tion we can record.

We investigated the possibility of encoding information with the CRISPR system with

three different approaches. We first used CRISPR/Cas9 (cut) to introduce pseudo-random



mutations and built a machine learning model (Lindel) to accurately predict the mutations

and their frequencies. For each target in a DNA TAPE, this approach allows us to encode

∼3 bits of information (8 different states). We next used prime editing to introduce large

deletions (Prime-del) or short insertions (ENGRAM), which allows us to encode 1 bit

and up to 20 bits of information per target in DNA TAPE.

We next sought to record various signals in cells. As most of the cell functions are

executed by transcription, we recorded transcription activities of hundreds of enhancers and

3 different signals TetOn, NFκB and Wnt. We show that many signals can be recorded

simultaneously with reasonable efficiency in a digital manner.

We also discussed future applications of recorders in understanding different biological

functions.
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Chapter 1

INTRODUCTION

D’où venons-nous? Que sommes-nous? Où allons-nous?

Where Do We Come From? What Are We? Where Are We Going?

History is one of the most important aspects of human culture and society. Many methods

during the short period of humanity have been developed to record and track history, includ-

ing languages, paintings, writings, photography, and videos. A collective of historical events

defines what we are today. Learning from history can not only help us understand where we

come from and what we are but also guide us to make decisions for future directions. Similar

principles can be applied to cells. For multicellular organisms, all cells are derived from the

same zygote and share the same genome that encodes the same genes. Cells are constantly

interacting with neighboring cells and the environment, receiving, integrating signals, and

responding with molecular programs. A series of cellular events and signals activate different

molecular programs to differentiate cells into various types and states. Recording cellular

events and signals can help us understand what determines its current state and predict or

even shape future behaviors. Yet, when the work of this dissertation began, there was no

such recording device. To record biological events, we need a minimum system with two

components: 1. a memory that is stable and easily accessible and 2. a writer that can

efficiently record biological events to memory. In this introduction chapter, I will provide a

brief review of the development of these two components.

1.1 DNA as memory device

Throughout evolution, cells developed many approaches that work as memories. For

short-term storage, transcriptional circuits[1, 2, 3] and epigenetic modification[4, 5], can
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have a memory life ranging from days to months. For long-term storage, cells use genomic

DNA to store their genetic information, which can be stably preserved for decades to tens of

thousands of years. We chose DNA as our recording media, as it is digital, present in every

living cell, and can be easily accessed using DNA sequencing technology. To differentiate

it from genomic DNA encoding genetic information, we term this DNA memory as DNA

TAPE, which is programmable and integrated into the genome.

1.2 DNA writers

Various DNA altering proteins, including recombinase, integrase and nucleases, can be

used as DNA writers. Here we briefly review their recording capability in terms of capacity

and multiplexibility. Various DNA-altering proteins, including recombinase, integrase, and

nucleases, can be used as DNA writers. An ideal DNA writer should be able to write

with high precision, multiplexbility (how many events can be written simultaneously), and

directionality (can we record orders of events). Here we briefly review the features of a few

DNA writers.

1.2.1 Recombinase and Integrase

Both recombinase and integrase are able to alter DNA sequence in a site-specific manner.

Recombinase usually refers to tyrosine recombinase such as Cre. Integrase usually refers to

serine recombinase(integrase) such as Bxb1. They have distinct mechanistic and evolutionary

features[6]. Tyrosine recombinase creates single-strand DNA nick with 3′-phosphotyrosine

bonds and two single-strand DNA can be rejoined through a holliday-junction structure. Due

to the nature of tyrosine recombinase, excision is favored during recombination, generating

only two states of DNA sequence (intact and excision, 1 bit). It has been mostly used to

express reporter proteins[7, 8, 9]. Serine integrase recognizes a short attachment sequence

(attB/attP) and generates a double-strand DNA break with a 2bp overhang. The break can

be rejoined based on overhang compatibility. Thus, three states can be represented by one

site (trits, intact, excision, and flip). 11 orthogonal integrase system has been identified by
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mining the metagenomic database[10]. This allows the creation of a memory system with

1.375 bytes. Though impressive, this strategy is still limited by the ability of integrating

individual integrase into the system of interest. More recently, instead of using orthogonal

integrase, Chow et.al [11] developed a recording system (intMEMOIR) based on Bxb1 with

orthogonal 2bp overhang, where they change the dinucleotide sequence in the attachment

site to create a memory system with ∼15 bits (310. Serine integrase based recorders have

demonstrated high specificity and reasonable capacity. However, individual events require

individual enzymes to record specific information, limiting its multiplexibility. In addition,

its possible but challenging to record the order of multiple events with integrase system[12]

1.2.2 CRISPR based system

CRISPR system is a versatile genome engineering tool and it has been used as a recording

tool for lineage tracing[13, 14, 15], molecular events[16, 17, 18], or even short movies[19, 20].

Cas1-Cas2 is CRISPR spacer acquisition system that specifically inserts a 33bp DNA

sequence (protospacer) to the target CRISPR array in an ordered manner. It has been

adopted to record the exposures of chemicals and copper[16].

CRISPR/Cas9 system relies on guide RNA to target specific DNA sequences to record

information. It has gone through a few generations, from traditional Cas9 cut with a double-

strand break, to base editing, and to most recently prime editing. All three systems have

been used for recording.

In 2016, McKenna et.al was the first to use CRISPR for lineage recording, where they

designed a DNA TAPE with 10 sites that can be targeted by Cas9 (GESTALT). The double

strand breaks introduced by Cas9 are mostly repaired by the Non-homologous end joining

(NHEJ) pathway, resulting in imperfect repair with short insertion or deletions (indels). It

was thought that indel generation is random, allowing the creation of large memory devices.

However, more works[21, 22, 23, 24], including my own work described in Chapter 2 sug-

gested that this process is not random and is governed by the local sequence, limiting its

capacity. Its possible but still very challenging, with careful target design (introducing mi-
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crohomology flanking the cut site), to record the order of events using a Cas9-based system.

In addition, the bigger issue of GESTALT is the generation of double-strand breaks, which

could be toxic to sensitive cells and introduce information loss during DNA repair.

Base editing overcomes these challenges by replacing Cas9 with dCas9 fused with cytidine

deaminase, which specifically converts CG pair to AT pair within a window without generat-

ing double-strand breaks. In two proof of concept studies, CAMERA and DOMINO[17, 18]

demonstrated their capability of recording signal and its intensity. CAMERA and DOMINO

can also record the order of two events. Though improving, the base editor based recording

system is still limited by its capacity (1-2 bits/target) and multiplexity(not able to record

multiple events simultaneously).

More recently, Liu group developed prime editing in which a nickase Cas9 (nCas9) is fused

with reverse transcriptase (RT). In coupling with prime editing guide RNA (pegRNA), the

prime editor can install programmed mutations (substitution, short insertion, and deletions)

with high precision. Ideally, this would overcome all challenges mentioned above: 1. the edits

are highly precise without generating double-strand breaks, 2. The information encoded is

nearly unlimited. With the short insertion of specific sequences, in theory, prime editing

is able to record thousands or even millions of events (10bp insertion, 410 = 20bits). 3.

The information encoded is programmed so that its possible to record the order of multiple

events. In addition to the advantage mentioned here, I also demonstrated that prime editing

can record the signal intensity with high sensitivity in Chapter 4.

1.3 Topics in this dissertation

The following chapters of this dissertation consist of 3 projects I worked on during my

Ph.D. with one central topic-multiplex recording of biological events and signals. In Chap-

ter 2, I describe a high throughput assay to profile repair outcomes of double-strand breaks

induced by CRISPR/Cas9. I also trained a model Lindel that accurately predicts the muta-

tion and its frequency. This allows us to predict the information content that can be stored

in DNA TAPE. In Chapter 3, with Junhong Choi, we developed a highly precise genome



5

deletion tool using paired pegRNA prime editing. This tool can be used for recording or

dissecting functions of DNA sequence in the genome. In Chapter 4, I lead the development

of ENGRAM, a multiplex recording system that can efficiently capture and record transcrip-

tion activity using prime editing. Finally, in Chapter 5, I close the dissertation with a

prospective look towards future directions and applications of ENGRAM-based recorders.

All chapters are modified from published (Chapter 2,3) or under revision work (Chapter

4).
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Chapter 2

LINDEL: PREDICTING REPAIR OUTCOMES OF
CAS9-MEDIATED DOUBLE-STRAND BREAK

This Chapter is adopted from published work with minimum changes

Chen, W., McKenna, A., Schreiber, J., Haeussler, M., Yin, Y., Agarwal, V., Noble, W.S.

and Shendure, J., 2019. Massively parallel profiling and predictive modeling of the outcomes

of CRISPR/Cas9-mediated double-strand break repair. Nucleic acids research.

Author contribution: Wei Chen designed and performed the experiments with the help

from Aaron McKenna. Wei Chen analyzed the data with input from Aaron Mckenna, Vikram

Agarwal, and Yi Yin. Wei Chen and Jacob Schreiber created the model Lindel with the input

from William Nobel. Wei Chen and Jay Shendure wrote the manuscript.

A back story about Lindel:

We started to work on this project in the Fall/Winter of 2016. The beautiful work of

GESTALT was published in the summer of 2016, and many opportunities were opened up.

For example, from GESTALT data, we observed biased indel profiles from Cas9 induced

double-strand break, which is similar to the observation from another paper that came out

in the summer of 2016. We wonder if we can predict the indel profile for a random target

sequence. I and Aaron quickly came up with the strategy to profile thousands of sequences

in one experiment, in which gRNA and target sequence pairs were synthesized in the same

DNA oligo. Aaron designed the target sequences and I performed the experiments. After

collecting all the data, we reached out to Bill Nobel for modeling inputs. Jacob Shreiber

from the Nobel lab kindly provided his expertise in model training. With the pressure of

being scooped 2-3 times, we tried really hard to improve our model to outperform the other

models (FORECasT and inDelphi).
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2.1 Abstract

Non-homologous end-joining (NHEJ) plays an important role in double-strand break

(DSB) repair of DNA. Recent studies have shown that the error patterns of NHEJ are

strongly biased by sequence context, but these studies were based on relatively few templates.

To investigate this more thoroughly, we systematically profiled ∼1.16 million independent

mutational events resulting from CRISPR/Cas9-mediated cleavage and NHEJ-mediated DSB

repair of 6,872 synthetic target sequences, introduced into a human cell line via lentiviral

infection. We find that: 1) insertions are dominated by 1 bp events templated by sequence

immediately upstream of the cleavage site, 2) deletions are predominantly associated with

microhomology, and 3) targets exhibit variable but reproducible diversity with respect to

the number and relative frequency of the mutational outcomes to which they give rise.

From these data, we trained a model (Lindel) that uses local sequence context to predict

the distribution of mutational outcomes. Exploiting the bias of NHEJ outcomes towards

microhomology mediated events, we demonstrate the programming of deletion patterns by

introducing microhomology to specific locations in the vicinity of the DSB site. We anticipate

that our results will inform investigations of DSB repair mechanisms as well as the design

of CRISPR/Cas9 experiments for diverse applications including genome-wide screens, gene

therapy, lineage tracing and molecular recording.

2.2 Introduction

Genome engineering conventionally involves using a programmable endonuclease (i.e. a

zinc finger nuclease (ZFN), transcription activator-like effector nuclease (TALEN) or RNA

guided nuclease Cas9 (clustered regularly interspaced short palindromic repeats-CRISPR

associated protein CRISPR/Cas9) to introduce a double-strand break (DSB) at a specific

location in the genome. In mammalian cells, such DSBs are primarily repaired by one of

two pathways – homology directed repair (HDR) and classical non-homologous end joining

(c-NHEJ) [25, 26]. HDR uses homologous template sequences to repair the DSB, potentially
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introducing programmed edits via the repair template. In contrast, c-NHEJ directly rejoins

the broken ends, often perfectly but occasionally introducing errors, typically in the form

of short insertions or deletions (indels) [27]. In addition to HDR and cNHEJ, there is

evidence for an alternative NHEJ pathway (alt-NHEJ), also termed microhomology mediated

end joining (MMEJ), wherein short, homologous sequences in the vicinity of the DSB are

used to align the broken ends prior to joining, resulting in deletions or potentially more

complex events [28]. Below, we use NHEJ to refer to both c-NHEJ and MMEJ/alt-NHEJ,

i.e. template-free editing.

In recent years, CRISPR/Cas9 has emerged as a particularly versatile tool for genome

editing. For many if not most applications of CRISPR/Cas9-mediated genome engineering,

it is used in conjunction with the cells endogenous NHEJ machinery to introduce short

indels in a targeted fashion [29, 30, 31], e.g. to disrupt the function of genes or regulatory

elements [32, 33, 34] or to introduce irreversible changes that record cell lineage or molecular

events [13, 14, 15]. However, despite NHEJs central role in this transformative tool, our

understanding of the processes that determine the rate and patterns of NHEJ-mediated

errors remains incomplete.

Recent studies have demonstrated that the error outcomes of NHEJ are strongly depen-

dent on sequence context [21, 35]. Other studies show that the characteristics of the broken

ends (blunt or staggered end; length of any overhang) also affect end-joining patterns both in

vitro [36] and in vivo [36, 37]. However, a systematic profiling of the sequence determinants

of NHEJ repair patterns has yet to be undertaken.

Here we profiled ∼1.16 million mutational events resulting from Streptococcus pyogenes

Cas9 (SpCas9)-mediated cleavage and NHEJ-mediated DSB repair of 6,872 synthetic target

sequences. From the resulting data, we identify the primary features of sequences adjacent

to the sites of DSBs that shape the distribution and relative frequency of NHEJ-mediated

mutational outcomes, e.g. nucleotide content and microhomology. We furthermore exploit

microhomology to demonstrate the programming of deletion patterns. Finally, we develop

a logistic regression model to predict insertions and deletions (Lindel) that result from
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CRISPR/Cas9-mediated cleavage of an arbitrary sequence. A standalone Lindel webtool is

freely available (https://shendurelab.github.io/Lindel/), and Lindel predictions have been

integrated into the CRISPOR web tool (http://www.crispor.org) [38].

2.3 Results

2.3.1 Development of a massively parallel strategy to profile NHEJ-mediated genome edits

Toward a comprehensive understanding of the sequence determinants of NHEJ-mediated

error patterns, we developed a strategy that would allow us to efficiently profile a large

number of repair events from each of a large number of sequence contexts (Figure 2.1). In

brief, we designed 70,000 targets balanced in nucleotide content and screened against the

human genome for CRISPR/Cas9 single guide RNAs (sgRNAs). We then used array-based

oligonucleotide synthesis to encode these targets in cis with their corresponding sgRNAs,

separated by a 20 bp spacer. We then amplified and cloned these molecules to a lentiviral

vector. In our initial experiments, the complexity of the resulting library of synthetic targets

and their cognate sgRNAs was such that we obtained relatively few edited templates per

target. Therefore, we re-cloned the library under bottlenecking conditions (Materials and

Methods), reducing its complexity to 12,917 targets. We then proceeded with viral packaging

and transduction, in triplicate, of a monoclonal human embryonic kidney (HEK) 293T cell

line that stably expresses spCas9 (multiplicity of infection of 4-8). As such, within any given

cell, only one or a few sgRNAs are expressed, and each one directs Cas9-mediated DSBs to

a target located immediately adjacent to it. After five days to allow for the introduction

of NHEJ-mediated errors at these targets, cells were harvested and genomic DNA isolated.

We then PCR amplified the region comprising the targets and corresponding sgRNAs using

unique molecular identifiers (UMIs) appended during the first extension cycle to distinguish

whether identical edits were derived from the same cell or different cells.

Summing across the three replicates, we sequenced PCR amplicons to a depth of 148

million reads, which were reduced to 1.19 million reads after collapsing on the basis of
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identical sequences and UMIs, and filtering of reads with evidence of lentivirus-mediated

template switching [39, 40] or other unexpected sequences (e.g. synthesis or PCR errors).

After further filtering of poorly represented targets (those represented by fewer than 10

UMIs), our dataset consisted of 1.16 million UMIs corresponding to 6,872 unique targets.

On average, each target was represented by 168 UMIs and 24 alleles (where allele refers to

a unique post-editing sequence of a given target). Each allele was aligned to its original

sequence, known because the corresponding gRNA sequence is part of the same amplicon,

using the Needleman-Wunsch algorithm [41]. Alleles were categorized as wild-type (i.e.

unedited), a deletion, or an insertion.

Overall, targets were highly edited, with only 9.8% of UMIs corresponding to the wild-

type allele. Of UMIs containing detectable mutations, 63.6% were deletions and 31.5%

were insertions (Figure 2.2a). The remainder (4.9%) contained some combination of sub-

stitutions, insertions and deletions, and are excluded from all of our subsequent analyses.

Deletions were dominated by small events; only 1.5% were 25 bp, although we note that

deletions >150 bp are not captured by our assay [33, 42]. In contrast, although we believe

that our assay should have been able to recover insertions up to 500 bp, the overwhelming

majority of insertion events were of a single base pair.

2.3.2 Repair patterns are reproducible but exhibit highly variable entropy between targets

We sought to examine whether repair patterns for any given target were reproducible,

as previously shown for a more limited set of templates [21]. For each target, we calculated

the frequency of each non-wild-type allele. For any given target, the distribution of frequen-

cies for its alleles were highly reproducible in pairwise comparisons of the three replicates

(median Pearson's r = 0.91, 0.93, 0.93, Figure 2.2b, left). Meanwhile, if we permute the

alleles in one replicate on a target-by-target basis and repeat the pairwise comparison, these

correlations are greatly reduced (median Pearson's r = 0.20, Figure 2.2b, right).

Confirming the observations of [21], the diversity of mutations strongly varied from target

to target. We calculated the Shannon entropy of mutational outcomes for any given target
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as −
∑
pi × log(pi), where pi is the frequency of ith indel of that target (Figure 2.2c). En-

tropy values for any given target were highly reproducible between replicates (Figure 2.2d)

and only modestly correlated with sampling depth (Figure 2.7). Of note, some targets

consistently exhibited particularly diverse mutational outcomes consequent to NHEJ – that

is, high entropy (e.g. Figure 2.2e, where the most frequently observed mutation occurs

in only 10.1% of mutated templates). Other targets were strongly biased towards a more

limited set of mutational outcomes – that is, low entropy (e.g. Figure 2.2f, where the most

frequently observed mutation occurs in 80.4% of mutated templates).

2.3.3 Sequence context at the DSB site predicts the frequency of insertions

We next sought to investigate the determinants of insertions at the DSB, which were

dominated by 1 bp events (Figure 2.3a). 84% of 1 bp insertions were predicted (and

presumably templated) by the nucleotide immediately upstream of the cleavage site (i.e.

the 17th nucleotide in target sequence; Figure 2.3b Figure 2.8). Although it might have

been expected that NHEJ-mediated repair would be symmetric with respect to the site of

a DSB, we do not observe templating from the immediately downstream (18th) nucleotide

(Figure 2.3b). Similarly, of 2 bp insertions, a substantially greater than expected proportion

(41%) were templated by the sequence immediately upstream of the DSB (i.e. inserted

sequence identical to the 16th and 17th nucleotides of the target sequence; Figure 2.3c).

The asymmetric templating of NHEJ-mediated insertions was also described in two other

recent studies based on data from yeast and mice [43, 15].

Because the ratio of insertions to deletions varied from target to target, we used kpLogo

[44] to examine what local sequence features might shape this. We find that the presence

of a T or A at the 17th bp of the target was associated with insertion events, while a G

or C at this position was associated with deletion events (Figure 2.3d, left). Additional

analyses showed a TG dinucleotide flanking the cleavage site to be the most highly biased

toward insertion (57% of events with that context are insertions), while a GA dinucleotide

flanking the cleavage site was the most highly biased towards deletion (17% of events with
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that context are insertions) (Figure 2.3d, right).

We split 2,680 targets associated with both insertion and deletion outcomes into training

(n = 2,000) and test (n = 680) sets, and trained a linear regression model to predict the

proportion of insertion events based on position-specific content of the hexamer centered on

the DSB (single and dinucleotide k-mers; 104 binary features; Figure 2.3e). The model

performs reasonably well (Pearson's r = 0.70).

Overall, these analyses confirm that local sequence around the DSB site plays an impor-

tant role in shaping the outcome(s) of NHEJ-mediated errors. In particular, the asymmetry

implied by the high rate of identity between 1-2 bp insertions and the nucleotides immedi-

ately upstream to the DSB, but not the nucleotides immediately downstream to the DSB

(Figure 2.3b-c), suggests that not all CRISPR/Cas9-mediated cleavages are blunt-ended.

Indeed, in vitro studies have shown that the non-complementary strand of the target can

sometimes be cleaved by Cas9 at multiple sites upstream of the -3 bp position relative to the

protospacer adjacent motif (PAM), while the complementary strand is cut only at that site,

instances which would result in a 5′ overhang [45, 46]. The preponderance of 1 bp insertions

templated by the 17th rather than 18th base could be explained by fill-in of this overhang

followed by blunt-ended ligation (and similarly for the preponderance of 2 bp insertions that

are templated by the 16th and 17th bases, rather than the 18th and 19th bases).

To summarize, we propose a model (Figure 2.3f) where: 1) some proportion of cleav-

ages of the non-complementary strand by Cas9 occur upstream of the -3 bp PAM cleavage

site, while cleavage of the complementary strand always occurs between the 17th and 18th

positions, resulting in a 5′ overhang; 2) 5′ overhangs are preferably repaired by gap-filling

and ligation, resulting in the observed bias towards templating by the bases immediately

upstream rather than downstream of the DSB; 3) local sequence context biases the pattern

of cleavage on the non-complementary strand, resulting in different frequencies of blunt vs.

5′ overhangs for different targets, which in turn biases the ratio of insertions vs. deletions.

A similar model was recently proposed by Lemos et al. based on asymmetric templating of

NHEJ-mediated insertions observed in yeast [43].
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2.3.4 Extensive use of microhomology in NHEJ-mediated

We next examined patterns of deletion. Microhomology (MH) refers to the use of short

regions of identical sequence (1 to 16 bp) that can mediate the alignment of broken ends

(Figure 2.4a) and is relevant to both c-NHEJ and alt-NHEJ/MMEJ [47, 48, 28, 49]. Here,

a deletion event is considered to be MH-mediated if the sequence at the 3′ of a rejoined end

is identical to the 3′ end of the deleted sequence, and the size of the MH tract refers to the

length of that identical sequence. By that definition, we found that over 75% of deletion

events in our dataset are MH-mediated. The length of MH tracts ranged from 1-10 bp.

Nearly all MH-mediated events (94.6%) involved relatively short tracts of microhomology,

i.e. 1-4 bp. Longer MH tracts were observed more rarely (Figure 2.9a), probably simply

due to the relative paucity of opportunities in our set of target sequences.

The frequencies of tracts of various lengths consistent with MH usage were substantially

higher than background expectation for all lengths except 1 bp, with that frequency increas-

ing as a function of tract length (Figure 2.4b). We further investigated the relevance of

1 bp MH by comparing the proportion of 1 bp deletion events in targets with identical vs.

non-identical nucleotides immediately spanning the cleavage site. We observe a 3-fold greater

proportion of 1 bp deletion events when those nucleotides are identical than when they are

not (Figure 2.9b), suggesting that 1 bp MH may play a role in aligning, stabilizing and

rejoining the broken ends.

The lengths of MH vs. non-MH mediated deletions exhibited distinct distributions

(Figure 2.4c, d ). In particular, the distribution of deletion sizes for MH-mediated events

peaks at both 1 bp and 5-6 bp, while an equivalent distribution for non-MH-mediated dele-

tions peaks at both 1-2 bp and 8 bp. The frequency of longer deletions exhibits an exponential

decay for both MH and non-MH mediated events. To investigate this further, we jointly ana-

lyzed the frequency of start and end points for deletion events, relative to the position of the

canonical cleavage site (Figure 2.4e, f). Both MH and non-MH mediated deletions exhib-

ited a preference for unidirectional events, i.e. either the start or end point is immediately
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adjacent to the cleavage site, rather than the deletion spanning the cleavage site.

What explains the excess of deletion events of specific lengths? For MH-mediated events,

the excess of 1 bp deletions may simply be attributable to the aforedescribed instances of

identical nucleotides spanning the cleavage site (Figure 2.9b). However, the excess of 5-6 bp

MH-mediated events is clearly driven by events in the downstream direction (Figure 2.4e),

i.e. deletions between the DSB and the PAM. A potential explanation is that the predilec-

tion of PAM-like sequences near the DSB for deletion events (i.e. a G nucleotide at the

17th position or a CG dinucleotide at the 16th/17th position; Figure 2.3d), coupled with

the consistent presence of the CGG PAM sequence at the 21st-23rd position, results in an

excess of deletions mediated by CG (5 bp deletion) or G (5-6 bp deletion) microhomology

(Figure 2.4g). Further work would be required to confirm this, as there may be other

explanations.

For non-MH-mediated events, the excess of 8 bp events might be explained by the ob-

servation that in the dsDNA-sgRNA-Cas9 complex, the region 1-8 bp downstream of the

cleavage site is occupied by Cas9, even after cleavage [50, 46]. Thus, the enrichment of non-

MH deletions 8 bp from the cleavage site could simply correspond to the nearest position

lacking Cas9 protection from endonucleases during repair (Figure 2.4h).

2.3.5 Generating predictable mutations by programming microhomology tracts

Since MH is widely used in deletion events, we reasoned that we could program a library

of targets to generate predictable mutations by introducing MH proximal to the cleavage

site. With the same basic experimental scheme (Figure 2.1), we tested a library of 1,000

targets and corresponding guides containing MH tracts of three different lengths (2, 4 or 6

bp) matching the sequence immediately upstream of the expected DSB site, and positioned

6 bp downstream of the cleavage site (Figure 2.5a, b). The resulting data were processed

and analyzed similarly to the previous experiment.

Intentionally programming MH tracts resulted in a high proportion of events correspond-

ing to the expected deletions (8, 10 and 12 bp deletions for 2, 4 and 6 bp MH tracts, respec-
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tively; Figure 2.5b, c, Figure 2.10). We also observe that the ratio of the programmed

deletion increases as a function of length of the MH tract (Figure 2.5c). However, despite

the greater predictability of which MH-mediated outcome would occur, the relative propor-

tion of MH-mediated deletions increased only slightly from 76% to 82% (Figure 2.5d).

Furthermore, we did not observe an excess of imperfect MH-mediated events, e.g. an excess

of 11 bp or 13 bp deletions in targets for which a 12 bp deletion was expected (Figure 2.10).

Nonetheless, the results show how targets that would result in diverse editing outcomes can

be strongly biased towards a specific outcome by the presence of MH tracts (Figure 2.5e,f).

2.3.6 A machine learning model to predict editing patterns

The above results suggest that the NHEJ-mediated repair outcomes for any given target

sequence are both reproducible and dependent on sequence context. Accordingly, we next

sought to train a machine learning model to predict these outcomes and their relative fre-

quencies. We began by filtering out target sequences that were either poorly reproducible

(low correlation between replicates, mainly due to low UMI counts; Figure 2.11a) or poorly

edited, resulting in a dataset of ∼1 million UMIs representing 4,790 target sequences. On

average, each target in this subset of the data used for modeling was represented by 204

UMIs and 28 alleles.

Because larger events are rare in our data, we focused on predicting deletion events

< 30 bp in length, as well as all possible 1-2 bp insertion events at the DSB. Across all

targets, we identified 557 event classes. The vast majority of CRISPR/NHEJ-mediated

indels arising from any given target sequence should fall into one of these 557 event classes.

We therefore framed our machine learning task as one of predicting, for an arbitrary target

sequence, the relative frequency of CRISPR/NHEJ-mediated indels falling into each of these

557 event classes. These included 536 deletions (defined solely by their start/end points), all

4 possible single nucleotide insertions, all 16 possible dinucleotide insertions, and finally, a

single event class for insertions greater than 2 bp in length. Of note, the 536 deletion event

classes comprise almost all of the 550 possible combinations of start/end positions, with
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the constraints that deletions must be less than 30 bp and overlap with the -3/+2 window

around the cleavage site. The 14 potential deletions that satisfy these constraints but were

not observed in the modeling dataset were mainly large deletions.

We also defined 3,033 binary features to characterize the target sequence for which re-

pair outcomes are being predicted. These are 1) Sequence features: 384 binary features

corresponding to one-hot encoded sequence, including 80 for single nucleotide content (4 nu-

cleotides × 20 positions) and 304 for dinucleotide content (16 dinucleotides × 19 positions);

2) Microhomology features: 2,649 binary features corresponding to MH tracts; specifically,

for each of the possible deletion event class, we defined 2 to 5 binary features (depending

on the size of deletion) corresponding to the length of the MH tract ([0-4 bp × 519] + [0-3

bp × 7] + [0-2 bp×6] + [0-1 bp×4] deletion event classes = total of 2,649 binary features)

(Figure 2.6a).

We split the 4,790 target sequences in our modeling dataset into subsets of 3,900 (for

training), 450 (for validation) and 440 (for testing).

Our model consists of three components: (1) predicting the ratio of insertions to deletions;

(2) predicting the distribution of 536 classes of deletion events; (3) predicting the distribution

of 21 classes of insertion events. The overall distribution of predicted outcomes is then de-

termined by intersecting these three components. Of note, because we define deletion classes

using the deletion start site and deletion length, two or more classes can effectively represent

identical outcomes due to microhomology, but in a sequence specific manner (Figure 2.11c).

To address this, while evaluating performance, we simply collapsed identical outcomes.

We trained predictors for each of the three components independently using logistic re-

gression with a varied number of features and varied strength of L1 or L2 penalties. All of the

models were trained on the training set using cross-entropy loss and evaluated on the valida-

tion set using the mean squared error (MSE). For the indel ratio predictor, we predicted that

microhomology features and sequence context would both be important for prediction. How-

ever, including microhomology features did not improve the performance compared to using

one-hot encoded sequence alone (MSE = 0.0203 and 0.0201 respectively, Figure 2.11d).
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For the insertion predictor, it has been shown above that most insertions were templated

by the sequence upstream of the cleavage site. We reasoned that sequence context around

the cleavage site ( 3 bp) should be sufficient to predict insertions. Consistent with this, in-

cluding the full 20 bp target worsened performance, increasing MSE from 0.00666 to 0.00711

(Figure 2.11e). For the deletion predictor, we compared the performance of models us-

ing sequence features only, microhomology features only or all features. The model with

all-features performed the best (MSE of 0.000204, as compared with 0.000271 for sequence-

only and 0.000208 for microhomology-only) (Figure 2.11f). However, the nearly identical

performance of the all-features vs. microhomology-only models for predicting deletions is

notable. We used the best performing model for each component to build a predictor for the

overall distribution of outcomes (Figure 2.6a).

Applying this model to the test set of 440 target sequences, which had been entirely

held out from the training and validation steps, we compared the observed versus predicted

frequencies of indels falling into various event classes. Observations and predictions were well

matched for most targets, with a MSE of 0.000172 (Figure 2.6b). As a baseline, we also

generated a set of predictions based simply on the aggregate frequencies of event classes in

the training and validation datasets; as expected, these predictions performed more poorly

(MSE of 0.000359; Figure 2.6b), confirming the improvement conferred by the model.

Poorly predicted targets tended to be those with relatively shallower sampling of editing

events, i.e. where our observed frequencies are noisier (Figure 2.11b).

2.3.7 Comparison to other models

While this manuscript was in preparation, several similar studies were published [22, 51,

52]. Together with this manuscript, all four studies profiled repair outcomes of Cas9-induced

DSBs at large numbers of endogenous [52] or synthetic [22, 51] targets (Table 2.1). The

primary conclusions, e.g. that sequence context around the DSB, together with MH, are

the major determinants of repair outcomes, are consistent between these studies as well

as with earlier studies [21, 35]. In addition, Shen et al. built inDelphi and Allen et al.
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built ForeCasT, as models that predict NHEJ repair outcomes, analogous to the Lindel

model described here. The ForeCasT model predicts deletions similarly to Lindel, as well

as all possible 1-2 bp insertions (Table 2.1). In contrast, the inDelphi model predicts the

frequency of three classes of indels independently, using a neural network model for MH-

mediated deletions (90 classes) and non-MH deletions (59 classes corresponding to 1-59 bp

deletions, without prediction of location), and k-nearest neighbors model for 1 bp insertions

(4 classes) (Table 2.1).

We compared the three models by measuring the MSE on 440 targets in our test set as

well as 4,298 targets in the ForeCasT test set (of note, the predicted probabilities of event

classes not predicted by inDelphi were simply set to 0). Our model performed the best

on our test set (MSE = 0.000172, 0.000225, 0.000212 for Lindel, ForeCasT and inDelphi,

respectively), while ForeCasT performed the best on its test set (MSE = 0.000173, 0.000152,

0.000182, for Lindel, ForeCasT and inDelphi, respectively). We then combined our training

set (3,900 sequences) with ForeCast training set (10,725 sequences), resulting in a total of

14,625 sequences. We trained on this aggregated training set using the Lindel modeling

approach, which resulted in the best overall performance (MSE = 0.000165 on our test set

and 0.000125 on ForeCasT test set; Figure 2.6c, d). This final Lindel model is more

accurate at predicting the ratio of insertions to deletions than ForeCasT (MSE = 0.01 and

0.02 for final Lindel model and ForeCasT, respectively; Figure 2.12a, b). We further

investigated the source of the errors for these models. Despite the fact that they implement

different modeling approaches, both Lindel and ForeCasTs mispredictions primarily lie with

small deletions and 1 bp insertions (Figure 2.12c, f).

As a common use of CRISPR/Cas9 in conjunction with NHEJ is to introduce frameshift-

ing mutations, we also assessed the observed vs. predicted ratios of frameshifting indels for

each of the 440 targets in our test set and 4,298 targets in ForeCasT test set, and found them

to be reasonably correlated (Pearson's r = 0.707, MSE = 0.0122 on our test set and Pearson's

r = 0.676, MSE = 0.0098 on ForeCasT test set; Figure 2.6e; Figure 2.12g). This result

compares very favorably with the predictions of a previously published tool that we tested
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on this same task (Pearson's r = 0.283, MSE = 0.0431 on our test set and Pearson's r =

0.455, MSE = 0.0315 on the ForeCasT test set; Figure 2.6f, Figure 2.12h) [53].

2.4 Discussion

In summary, we developed an assay to systematically profile the diversity and rela-

tive frequencies of mutational events resulting from CRISPR/Cas9-mediated cleavage and

NHEJ-mediated DSB repair of thousands of synthetic sequences. In applying this assay

and analyzing the editing outcomes associated with 6,872 target sequences, we confirm that

CRISPR/NHEJ-mediated repair outcomes for any given target sequence are reproducible,

predictable, and largely shaped by the sequence context around the cleavage site [21, 35].

Our results also provide further insights into NHEJ-mediated repair of CRISPR/Cas9-

mediated DSBs in human cell lines. First, we observe that insertion events are dominated

by 1-2 bp insertions templated by the sequence immediately upstream of the cleavage site.

Together with in vitro data from the literature [46, 45], the data supports a model in which

the sequence context around the DSB biases the extent to which cleavages are blunt-ended

vs. include a 1-2 bp 5′ overhang. Such 5′ overhangs are repaired by gap-filling and ligation,

resulting in asymmetrically templated 1-2 bp insertions. Second, we observe extensive usage

of 1-4 bp microhomology in mediating deletion events, and furthermore show that repair

outcomes can be strongly biased towards predictable outcomes by intentionally introducing

MH tracts at specific distances from the DSB. Notably, however, the introduction of MH

tracts did not substantially increase the proportion of MH-mediated events. Third, both MH

and non-MH-mediated deletions were overwhelmingly unidirectional (i.e. extending either

upstream or downstream from the DSB, rather than spanning it).

Our assay has two main limitations. First, because of the locations of the PCR primer

sites, we are only able to recover small deletions, and may be missing the rare, large deletion

events that we and others have described [33, 42]. Greater knowledge of the frequency and

determinants of large events is necessary to enable their prediction. Second, the lentiviral-

based assay that we used fails to capture the influence of chromatin state on editing efficiency
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and repair outcomes. Lentivirus integrates to diverse locations across the genome, such that

we are effectively observing an average, but integrations are biased towards open chromatin

[54, 55]. As such, the patterns that we observe and model may be biased to this compartment.

Furthermore, we are varying the sgRNA spacer sequence within the context of constant

neighboring sequence, i.e. the lentiviral backbone. To the extent that this sequence biases

nucleosome positioning, and that nucleosome positioning in turn influences Cas9 binding

and cleavage [56, 57], the patterns that we observe and model may be additionally biased.

Additional systematic profiling of repair outcomes, in different compartments (e.g. open vs.

closed chromatin) and in different sequence contexts, will be necessary to understand the

magnitude and nature of each of these potential sources of chromatin-mediated bias [58, 52]

In addition to insights into NHEJ-mediated repair of CRISPR/Cas9-mediated DSBs,

our study also provides a new tool for sgRNA design for diverse goals. First, an important

application of CRISPR/Cas9 is to achieve gene knockouts, a goal that depends on the efficient

introduction of frameshifting indels. Dual cleavage with a variety of different nuclease systems

has previously been shown to be an effective strategy for introducing frameshifting mutations

[59, 60, 61, 62, 63]. Our models accuracy for predicting which sgRNAs/targets are likely to

result in a high proportion of frameshifting indels will improve the viability of single cleavage

with CRISPR/Cas9 for this same goal. Of note, our approach will not obviate the need for

downstream validation to identify clones bearing the intended mutation, although it may

reduce the number of clones that need to be screened. Second, for applications focused on

mutation correction (e.g. using CRISPR/NHEJ to correct pathogenic mutations), the model

may be useful for identifying sgRNAs/targets for which the desired outcome is predicted

to occur at a high or sufficient frequency. Third, we and others have recently repurposed

CRISPR/Cas9 as a tool for lineage tracing and/or molecular recording [13, 14, 15]. For some

goals (e.g. lineage tracing), the identification of high entropy targets may critically enable

the diversity necessary to uniquely label millions or billions of cells. For other goals (e.g.

molecular recording), the design of low entropy targets may facilitate predictable sequential

editing. More generally, a deeper understanding of CRISPR/NHEJ-mediated mutations will
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strengthen our ability to precisely orchestrate not only the locations but also the outcomes

of genome editing.

2.5 Materials and Methods

2.5.1 sgRNA and target pair library design

To generate a library of CRISPR/Cas9 targets that could safely be characterized within

human cells, we evaluated 1 million random 20mer crRNA sequences, scoring them against

the human genome (version hg19) for off-target effects using FlashFry [64]. We excluded

guides with an exact match or up to two mismatches against any potential target in the

human genome, or those with an off-target score less than 90 [65], resulting in a modest bias

towards targets containing CpG dinucleotides (Figure 2.13a,b), and then selected a final

library of 70,000 top scoring guides for synthesis. The resulting sgRNA sequence and their

corresponding targets were separated by a common 20 bp spacer sequence and ordered as an

Agilent SureGuide Unamplified Custom CRISPR Library array (Figure 2.1A).

To analyze the potential impact of programmed microhomology, we selected a subset

of 1,000 sgRNA-target pairs from the library above and introduced microhomology with

different lengths (2 bp, 4 bp, and 6 bp) matching the last 2, 4, and 6 nucleotides upstream

of the cleavage site. Each design was assigned a 4 bp barcode, indicating its programmed

microhomology pattern (Figure 2.5a,b). This library of microhomology sequences was

ordered as an oligo pool from Twist Biosciences.

2.5.2 Library Cloning

The lentiGuide-Puro (Addgene #52963) vector was modified with two rounds of PCR

to remove the existing tracrRNA and filler sequence (primer P1, P2), and to incorporate

two BsmBI restriction site for integration of sgRNA-target pairs (primer P3, P4). The

modified vector was digested with BsmBI (NEB, Buffer 3.1) at 55 for 3h and gel purified

with Monarch DNA Gel Extraction Kit (NEB). This digested and purified vector was used
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for all downstream cloning.

Oligos with sgRNA-target pairs from Agilent or Twist Bioscience were both resuspended

to 10ng/µL. The oligo pool was PCR amplified using KAPA Biosystems HiFi HotStart

ReadyMix 2x using primers P5 and P6 and cleaned with the DNA Clean&Concentrator kit

(Zymo Research). The purified PCR product was then digested with BsmBI (NEB, buffer

3.1) at 55◦C for 1h to generate compatible sticky ends matching the modified lentiGuide-

Puro above, and subsequently cleaned with DNA Clean&Concentrator (Zymo Research).

Digested vector and insert were ligated with T4 ligase (NEB) with a molar ratio of 1:3. Lig-

ation products were transformed into Stable Competent E.coli (NEB C3040H). Transformed

cells were cultured at 30◦C overnight and plasmid DNA was prepared using a ZymoPURE

II Plasmid Kit. The subsampled library with 12,917 targets was bottlenecked by seeding

transformed cells on plate. Colonies on plates were transferred to liquid medium to expand

them. The precision of the number 12,917 follows from the fact that we can simply count

the number of unique guide sequences present in deep sequencing of PCR amplicons from

cells.

2.5.3 Cell Culture and lentivirus transduction

We generated a mono-clonal 293T cell line expressing Cas9 by transduction of Cas9-blast

lentivirus particles (Addgene plasmid #52962). Cells were cultured in DMEM High glucose

(GIBCO) supplemented with 10% Fetal Bovine Serum (Rocky Mountain Biologicals) and

1% penicillin-streptomycin (GIBCO) and grown with 5% CO2 at 37◦C.

All lentivirus libraries were produced by the Fred Hutchinson Cooperative Center for

Excellence in Hematology Vector Production core facility. HEK293T cells were transduced

and media was changed to virus free media at 24 hours post-transduction. Cells were passed

every 48h with a split ratio of 1:6. Cells were harvested at day 5 after transduction.
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2.5.4 Sequencing Library Generation

Genomic DNA was extracted with DNeasy Blood & Tissue Kit (Qiagen) following the

manufacturer’s protocol. 15 bp unique molecular identifiers (UMIs) were added by one

initial round of linear PCR using a primer containing a 5′ sequencing adaptor (P7). For each

reaction we used 250ng of genomic DNA, 0.2µL 100mM primer and 25 µL HiFi HotStart

ReadyMix 2x (KAPA Biosystems). PCR reaction were performed as follows: 95◦C 3 mins,

98◦C 20 s, 5 cycles of 65◦C 1 min and 72◦C 2 min, 98◦C 20 s, 5 cycles of 65◦C 1 min and 72◦C

2 min. The subsequent PCR product was cleaned with 1.8x AMPure XP beads (Beckman

Coulter) and resuspended in 25µL of elution buffer. A second round of amplification was

performed using primers targeting the 5′ sequencing adaptor (P8) and 50 bp downstream

of the cleavage site (P9) for 20 cycles. The resulting PCR product was then size selected

using a dual size-selection cleanup of 0.4x and 0.8x AMPure XP beads (Beckman Coulter)

to remove genomic DNA and small fragments (<200 bp) respectively. This size-selected

product was subsequently re-amplified to add the 3′ sequencing adaptor with primer P8 and

P10 for an additional five cycles. The final PCR product was cleaned with 0.75x AMPure XP

beads (Beckman Coulter) and was re-amplified to add flow-cell adaptor and sample index

for 5 cycles. All PCR reactions used HiFi HotStart ReadyMix 2x (KAPA Biosystems) with

the manufacturer’s recommended conditions. The library was sequenced on an Illumina

NextSeq 500 sequencer using paired-end 150 cycle reads. All primers used are listed in

Table 2.2. Sequence data and associated data files are deposited in Figshare with a doi

link: https://doi.org/10.6084/m9.figshare.7374155,

2.5.5 Sequence processing pipeline

Across three replicates, we sequenced a total of 148 million paired-end reads on an Il-

lumina NextSeq 500. We first clustered these paired-end reads by their 15 bp UMI se-

quence and then filtered out reads with less than 90% identity within their representative

UMI clusters. Sequence identity was identified using edlib [66]. UMIs with fewer than 10
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reads were excluded from downstream analysis. This yielded 4,405,379 UMIs (91,325,700

reads), representing 61.8% of our sequencing data (Table 2.3). We then selected the most

common forward and reverse read sequence for each UMI for further processing. These for-

ward and reverse reads were merged into a single read using PEAR [67] and aligned in a

two step process as follows. First, we sought to identify the reference sequences for each

programmed array sequence. We aligned the merged reads to a backbone sequence where

the guides and targets were represented by Ns using EMBOs needleall software [41] with

the following scoring matrix: match=5, mismatch=-4, gap-open=-20, gap-extension=-0.5.

The mismatch penalty for Ns was set to 0. The sequence over the guide region was then

extracted and matched against the list of programmed array sequences. Guide sequences

with more than 2 mismatches to the designed guides were excluded, with edit distances

assessed with UMI-tools [68]. Second, merged reads were aligned to their discovered refer-

ence, in which Ns were replaced by the guide/target sequence identified from the first step,

using Biopython.pairwise2 [69] with the following scoring matrix: match=5, mismatch=-4,

gap-open=-13, gap-extension=-0.5. All indels were then right aligned (e.g. Figure 2.9a).

Aligned reads with indels within -3/+2 bp of the cleavage site were assigned to their indel

class. Aligned reads were excluded for downstream analysis if the sgRNA and target se-

quence didnt match, the result from template switch during lentivirus transduction [40, 39],

or unexpected mutations introduced during synthesis, cloning, and PCR. A final library of

1.19 million unique reads (UMIs) were identified. Our library of 1,000 microhomology se-

quences were processed by this same pipeline, yielding a final library of 249,039 UMIs from

31,239,645 paired-end sequencing reads. Scripts and other software are available from our

GitHub repository: https://github.com/shendurelab/Lindel.

2.5.6 Data processing and analysis

kpLogo Analysis: Sequence motif analysis was conducted with kpLogo [44] using default

settings with a specified k-mer length of 1 or 2. Input sequences were weighted by the

frequency of insertion. Microhomology identification: For n from 1 to 10 nucleotides, the last
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n nucleotides upstream of each deletion were compared to the last n nucleotides of the deleted

sequence (as the deletion is right aligned. Figure 2.9a). The length of microhomology was

identified as the largest n nucleotides match in sequence.

2.5.7 Machine learning modeling

We phrased our problem of predicting repair outcomes and their frequencies as that of a

classification task with 557 classes. Because large mutation events are rare, we limited our

classification effort to deletion events < 30 bp, and we grouped insertions ≥ 3 bp into one

class. In total, we defined 557 classes of indels. These classes include 536 deletion alleles, 4

possible single nucleotide insertion, and 16 possible dinucleotide insertion and insertions ≥

3 bp. There are a total of 550 potential deletion events that are both < 30 bp in length and

overlap with the -3/+2 window around the cleavage site. We captured 536 deletion alleles

in our data; the missing 14 classes are mainly large deletions. As input to our model, we

defined 3,033 binary features. These are 1) Sequence features: 384 binary features corre-

sponding to the one-hot encoded target sequence (excluding the PAM region), including 80

for single nucleotide content (4 nucleotides×20 positions) and 304 for dinucleotide content

(16 dinucleotides×19 positions); 2) Microhomology features: 2,649 binary features corre-

sponding to MH tracts; specifically, for each of the possible deletion event class, we defined 5

binary features (or 2-4, depending on the size of deletion) corresponding to the length of the

MH tract, if any (0-4 bp × 519 + 0-3 bp × 7 + 0-2 bp × 6 + 0-1 bp × 4 deletion event classes

= total 2,649 binary features. Our 4,790 programmed sequences were randomly partitioned

into a training set of 3,900 sequences, a validation set of 450 sequences, and a test set of 440

sequences.

We trained the logistic regression in a standard manner for machine learning models.

However, because each target sequence can generate many possible repair outcomes, we

trained our models using soft labels that correspond to the probability that each class is ob-

served, rather than hard labels that force each input to correspond exclusively to one class.

Each model was trained using the Adam optimizer [70] with a learning rate of 0.001 and
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a categorical cross-entropy loss. Training proceeded for a maximum of 100 epochs with a

patience of 1, meaning that training was stopped after two epochs with no improvement in

validation set performance. All initializations and the hyperparameters for the Adam opti-

mizer were set to the defaults in Keras v2.1.3 [71] with a backend of Theano v1.0.1 [72]. We

selected the best model based on performance on the validation set according to the coeffi-

cient of determination using grid search over hyperparameters. This search involved separate

scans over regularization strengths for L1-regularization and L2-regularization individually

with a range of 10−10 to 10−1(Figure 2.11d-f).

2.5.8 Model comparison

We compared our model to two other models (ForeCasT and inDelphi) in the same

setting. All models used a 60 bp sequence centered at the cleavage site as an input, while

trying to predict the frequency of 557 classes of indels that we defined above. As both

Lindel and ForeCasT are predicting all possible unique repair outcomes, its straightforward

to compare them directly. inDelphi only predicts 90 classes deletions with locations, and

1-59 bp deletions regardless of their locations. We used the classes that inDelphi predicts

that overlap with the ForeCasT and Lindel classes, which included all 90 classes using

microhomology, 1 bp deletion (assuming its located the cleavage site), and 1 bp insertions.

All classes that inDelphi is not predicting were assigned as 0. The performance were measured

using MSE on all 450 unique classes for each sequence in our test set (n = 440) and the

ForeCasT test set (n = 4,298)

2.6 Figures and Tables
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Figure 2.1: An assay for massively parallel profiling of the outcomes of
CRISPR/Cas9-mediated double-stranded DNA break repair. a. Schematic of li-
brary of 200 bp oligonucleotides encoding sgRNAs (red) targeting a large number of designed
20 bp spacers, with their matched target sequence encoded in cis (yellow: target; PAM: pur-
ple). In our primary experiment, 70,000 target sequences were designed and cloned. b. After
array-based synthesis and PCR amplification of the library, BsmBI restriction sites at either
end were used for cloning into a modified lentiviral construct. The library was bottlenecked
to 12,286 targets to facilitate greater coverage of independent NHEJ-mediated events corre-
sponding to each target. Monoclonal HEK293T cells expressing Cas9 were transduced with
packaged lentivirus. Cells were harvested at 5 days after transduction, and a region including
both the spacer and the target was PCR amplified from genomic DNA for high-throughput
sequencing. The sequences of mutated targets were aligned to their corresponding unmu-
tated reference, assigned based on the spacer sequence (yellow: target; PAM: purple; green:
inserted bases; dashes: deleted bases).
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Figure 2.2: Mutation patterns resulting from DSB repair vary greatly between
targets, but are highly reproducible for individual targets. a. Overview of indel
profiles. The histogram represents the indel rate per target, based on aggregated data from
three replicates. The x-axis corresponds to the size of insertion or deletion events. Of all de-
tectably mutated targets, 63.6% were deletions (red) and 31.5% were insertions (blue). The
remainder (4.9%) contained some combination of substitutions, insertions and deletions, and
are excluded from all subsequent analyses. b. End-joining patterns were highly reproducible
for the same target between replicates. Left: violin plot of distribution of correlation coeffi-
cients for pairwise comparison of individual targets between replicates. Right: Permuting the
allele counts for each target in one replicate and repeating the pairwise comparison greatly
reduces the observed correlations. c. Entropy quantifies the diversity of NHEJ outcomes
from individual targets. Targets were separated into low, medium and high entropy classes.
d. Estimated entropy for individual targets was highly reproducible between replicates (rep1
vs. rep2 shown). (e,f.) Example of targets with high and low entropy. High entropy targets
had diverse outcomes at appreciable frequencies e. while low entropy targets were dominated
by a single outcome f).
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Figure 2.3: A model for asymmetric templating of NHEJ-mediated insertion
events at sites of CRISPR/Cas9-mediated DSBs. a. 75.3% of the insertions were 1
bp. Of 1 bp insertions, 85% appear to be templated. b,c. Histogram of the number of 1
bp b. or 2 bp c. insertion events where the inserted base or dinucleotide is identical to the
base at a specific position in the target. The canonical DSB site is between 17th and 18th of
the target sequence (red line). The result suggests many 1 bp insertions are templated by
the nucleotide at the 17th position but not the 18th position b. and many 2 bp insertions
are templated by dinucleotide at the 16th and 17th positions c.. d. The immediate sequence
context surrounding the DSB strongly biases the proportion of NHEJ-mediated outcomes
that result in insertions vs. deletions. The 1-mer sequence logo (left) shows that the presence
of a T and A at the 17th position increased the ratio of insertions. The 2-mer sequence logo
(right) shows that the presence of a TG dinucleotide at the 17th/18th position increased the
ratio of insertions, while a CG dinucleotide at the 16th/17th position, or a GA dinucleotide
at the 17th/18th position, decreased the ratio of insertions. Significant positions are colored
in red. e. A regression model using the nucleotide content of a 6 bp window centered on the
DSB site predicted the ratio of insertion-to-deletion events. f. A model for how insertions at
CRISPR/Cas9-mediated DSBs are asymmetrically biased by local sequence context. Local
sequence context biases the pattern of cleavage of the non-complementary strand to the
sgRNA, resulting in different frequencies of blunt vs. 5′ overhangs for different targets. This
in turn biases the ratio of insertions vs. deletions, as 5′ overhangs are preferably repaired
by gap-filling (red) and ligation, resulting in the observed preponderance of 1 bp or 2 bp
templated insertions (red).
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Figure 2.4: Extensive use of microhomology in NHEJ-mediated deletion events.
a. Schematic of microhomology (MH) usage in end-joining repair. Tracts of MH (red) in
the vicinity of the DSB are used to align the broken ends. The unannealed overhang is
cleaved by endonuclease and the gap filled by polymerase. Here, a deletion event is defined
as MH-mediated deletion if the sequence at the 3′ of a rejoined end (red, left) is identical to
the 3′ end of the deleted sequence (red, right). The size of the MH tract refers to the length
of that identical sequence. b. Length distribution of MH tracts in observed MH-mediated
events. With the exception of 1 bp deletions, all MH tract lengths occured at substantially
greater than expected frequencies. (c,d.) Distribution of deletion sizes of MH-mediated
c. and non-MH d. events. (e, f.) Heatmap of showing frequency of start/stop sites of
MH-mediated e. and non-MH f. deletion events. The Y and X axes correspond to the start
and stop sites of deletion events, respectively, with positions shown relative to the canonical
DSB site (blue dot). Both MH-mediated and non-MH deletions were primarily unidirectional
relative to the DSB site, rather than spanning it. g. Schematic of potential explanation for
the observed excess of 5-6 bp MH-mediated deletions. PAM-like sequences near the DSB
are biased towards deletion events. Microhomology between a G at the17th position or a
CG at the 16th/17th position with corresponding sequences in the PAM result in an excess
of 5-6 bp deletions. h. Schematic of potential explanation for the observed excess of 8 bp
non-MH deletions. In the dsDNA-sgRNA-Cas9 complex, the region 1-8 bp downstream of
the cleavage site is occupied by Cas9. The enrichment of non-MH deletions 8 bp from the
cleavage site could simply correspond to the nearest position lacking Cas9 protection from
endonucleases during repair.
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Figure 2.5: Programming microhomology tracts into targets increases pre-
dictability of repair outcomes. a,b. Schematic of programmed MH tract designs, which
starts immediately downstream of PAM sequence (purple), and expected deletion sizes. The
distance between the regions of MH (pink) was consistently 6 bp, while the MH tracts were
2 bp, 4 bp or 6 bp, such that the expected deletion sizes were 8 bp, 10 bp and 12 bp, re-
spectively. c. Distribution of observed deletion sizes for 1,000 targets with programmed MH
tracts of various lengths, based on a single replicate/experiment. Each boxplot summarizes
the ratio of certain deletions for each target. The box represents 25th percentile, 50th per-
centile and 75th percentile and whiskers represent 1.5x of the inter-quartile range (IQR). We
observe a strong bias towards deletions of the expected lengths, with the proportion increas-
ing for longer MH tracts (median 0.080, 0.209, and 0.318 for 2 bp MH, 4 bp MH and 6 bp
MH, respectively). d. MH usage in sequences with (left) or without (right) programmed
MH. Despite the strong bias towards intended deletions when MH occurred, the proportion
of MH events only slightly increased from 76% to 82%. e,f. Example of a sequence that
shows diverse editing outcomes e.. However, when a 6 bp MH tract is introduced onto this
sequence backbone, the programmed 12 bp deletion comprises nearly 75% of the editing
outcomes f.
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Figure 2.6: End joining patterns are accurately predicted by Lindel. a. Schematic
of machine learning framework for Lindel. A 60 bp sequence (± 30 bp around the cleavage
site) is used as the input to the model. A total of 3,033 binary features – 2,649 corresponding
to MH potential and 384 to one-hot encoded mono- and di-nucleotide content of the 20
bp target – are extracted. One-hot encoded sequence features were used to predict the
overall ratio of insertion to deletion events. One-hot encoded sequences corresponding to
the last 6 bp of the target sequence were used to predict 21 insertion classes. Both sequence
features and microhomology features were used to predict deletion classes. Probabilities of
redundant deletion classes were combined in a sequence specific manner. b. Performance
of Lindel on the test dataset. The distribution of MSE values for the 440 test targets is
shown (blue). Poorly predicted targets largely correspond to those that were poorly sampled
(see Figure 2.11b). As a baseline to illustrate the improvement conferred by Lindel, we
show a similar distribution for the aggregate model, in which the predicted frequencies of
557 indel classes are simply taken from the aggregate frequency at which each is observed
in the training and validation datasets (red). (c, d.) The performance of Lindel trained
using training data aggregated from this study and the ForeCasT study (3,900 sequences
from this study and 10,725 from (32)). A Lindel model that was trained on the aggregated
training datasets performed best on both the test sets from this study (440 sequences) and the
ForeCasT study (4,298 sequences). (e, f.) Lindel e. compared favorably to Microhomology
Predictor [53] f. in predicting the ratio of frameshifting mutations for each of the 440 targets
in the test set.
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Figure 2.7: Correlation between entropy vs. UMI count or editing efficiency. a.
Estimates of target-specific entropy (x-axis) are only modestly correlated with UMI counts
(y-axis). Pearson's r = 0.32. b. Estimates of target-specific entropy (x-axis) are not
correlated with editing efficiency (y-axis). Pearson's r = -0.03.

Figure 2.8: 1-2 bp insertion events are templated by the nucleotides upstream
of the cleavage site. a. Most 1 bp insertions were predicted, and presumably templated,
by the identity of the 17th nucleotide of the target sequence. b. Example of insertions
templated by the 17th (top) or 16th and 17th (bottom) position. Template nucleotides are
shown in green and inserted nucleotides are shown in blue.
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Figure 2.9: Examples of microhomology usage. a. An observed example of a long
MH tract mediating a deletion event. PAM and microhomology are shown in purple and
red, respectively. This particular outcome, involving a 9 bp MH tract, represented 9% of
indel events associated with this target. b. Targets with identical nucleotides (i.e. homo-
dinucleotide) spanning the cleavage site exhibit a much higher proportion of 1 bp deletions
than targets with non-identical nucleotides (i.e. hetero-dinucleotide) spanning the cleavage
site, suggesting that 1 bp microhomology may help mediate 1 bp deletion events.
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Figure 2.10: Heatmap of deletions with microhomology design. a, c, e. Heatmap
of showing frequency of start/stop sites of MH-mediated deletions with 2 bp, 4 bp, 6 bp
programmed microhomology, respectively. (b, d, f.) Heatmap of showing frequency of
start/stop sites of non-MH deletions with 2 bp, 4 bp, 6 bp programmed microhomology,
respectively.
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Figure 2.11: Machine learning model selection and performance. a. Read counts for
targets exhibiting high (r>0.75) vs. low (r<0.75) correlation between replicate experiments.
The median read count for the two groups are 117 and 23, respectively. Targets with low cor-
relation between replicates (r<0.75) were excluded from model training/validation/testing.
b. Poorly predicted targets (high MSE) largely corresponded to those that were poorly sam-
pled. c. Example of redundant deletion classes. We define deletion classes using the deletion
start site and deletion length (e.g. -1 + 22 where -1 is the location relative to the cleavage site
and 22 is the deletion length). For any given sequence, there may be several deletion classes
that represent identical outcomes due to microhomology (red). We collapsed the probability
of these classes in prediction. PAM is colored purple. (d, f.) Model selection for indel ratio
prediction, insertion prediction and deletion prediction. Hyperparameter search involved
separate scans over regularization strengths for L1-regularization and L2-regularization in-
dividually with a range of 10−10 to 10−1. MSE on the validation set is plotted and was used
to pick the best performing model.
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Figure 2.12: Performance of Lindel on ForeCast test I actuset. a, b. Lindel a.
compared favorably to ForeCasT b. in predicting the overall indel ratio for each of the 4,298
targets. (c, f.) Mispredicted classes in Lindel and ForeCast on both test sets. (c, e. Lindel
on ForeCast test set and our test set; d, f ForeCasT on their test set and our test set). Each
boxplot summarized the error of certain classes. The box represents 25th percentile, 50th

percentile and 75th percentile and whiskers represents 1.5x of the inter-quartile range (IQR).
Small deletions around the cleavage site and 1 bp are difficult to predict accurately. (g, h.)
Lindel (g) compared favorably to Microhomology Predictor (34) h. in predicting the ratio
of frameshifting mutations for each of the 4,298 targets.
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Figure 2.13: Sequence content of synthetic sgRNA-target library. a, b. Heatmaps
of mononucleotide a. and dinucleotide b. balance within the final subsampled library of
6,872 well-represented CRISPR/Cas9 targets on which most analyses were performed. Each
column sums to 1. Although initially designed sequences were balanced in mono/dinucleotide
content, the overrepresentation of CG dinucleotides was likely introduced by how we screened
these initial designs to remove on-target or off-target matches against the human genome
(i.e. thereby subtly selecting in favor of designs containing CG dinucleotides, which are
underrepresented in the human genome).
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Chapter 3

PRIME-DEL: PRECISE GENOMIC DELETIONS USING
PAIRED PRIME EDITING

This Chapter is adopted from published work with minimum changes

Choi, J.?, Chen, W.?, Suiter, C.C., Lee, C., Chardon, F.M., Yang, W., Leith, A., Daza,

R.M., Martin, B. and Shendure, J., 2022. Precise genomic deletions using paired prime

editing. Nature Biotechnology, 40(2), pp.218-226.

Author contribution: Junhong Choi designed and performed the experiments with the

help from Wei Chen. Junhong Choi analyzed the data. Wei Chen created the design tool

for paired pegRNA. Junhong Choi and Jay Shendure wrote the manuscript.

A back story about Prime-del: As I discussed in the back story in the chapter of EN-

GRAM, Prime-del is a co-effort between me and Junhong Choi. The idea actually stemmed

from a discussion with another grad student Chase Suiter in the lab: what would happen if

we use two pegRNA instead of pegRNA+sgRNA in the architecture of PE3. Junhong took

the idea one step further by designing paired pegRNAs to introduce homology arms that are

complementary to the 5 or 3 of the target of the other pegRNA. In this way, we are able to

program the precise deletion of sequences between two pegRNA target sites. To facilitate

the design process, I developed the algorithm and website for paired pegRNA design.
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3.1 Abstract

Technologies that precisely delete genomic sequences in a programmed fashion can be used

to study function as well as potentially for gene therapy. The leading contemporary method

for programmed deletion uses CRISPR-Cas9 and pairs of guide RNAs (gRNAs) to generate

two nearby double-strand breaks, which is often followed by deletion of the intervening

sequence during DNA repair. However, this approach can be inefficient and imprecise, with

errors including small indels at the two target sites as well as unintended large deletions and

more complex rearrangements. Here we describe a prime editing-based method that we term

PRIME-Del, which induces a deletion using a pair of prime editing gRNAs (pegRNAs) that

target opposite DNA strands, effectively programming not only the sites that are nicked but

also the outcome of the repair. We demonstrate that PRIME-Del achieves markedly higher

precision than CRISPR-Cas9 and gRNA pairs in programming deletions up to 10 kb. We also

show that PRIME-Del can be used to couple genomic deletions with short insertions, enabling

deletions whose junctions do not fall at protospacer-adjacent motif (PAM) sites. Finally, we

demonstrate that lengthening the time window of expression of prime editing components

can substantially enhance efficiency without compromising precision. We anticipate that

PRIME-Del will be broadly useful in enabling precise, flexible programming of genomic

deletions, including in-frame deletions, as well as for epitope tagging and potentially for

programming rearrangements.

3.2 Introduction

The ability to precisely manipulate the genome can critically enable investigations of the

function of specific genomic sequences, including genes and regulatory elements. Within the

past decade, CRISPR-Cas9-based technologies have proven transformative in this regard,

allowing precise targeting of a genomic locus, with a quickly expanding repertoire of editing

or perturbation modalities[73]. Among these, the precise and unrestricted deletion of spe-

cific genomic sequences is particularly important, with critical use cases in both functional
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genomics and gene therapy.

Currently, the leading method for programming genomic deletions uses a pair of CRISPR

guide RNAs (gRNAs) that each target a protospacer-adjacent motif (PAM) sequence, gener-

ating a pair of nearby DNA double-strand breaks (DSBs). Upon simultaneous cutting of two

sites, cellular DNA damage repair factors often ligate two ends of the genome without the

intervening sequence[74] through non-homologous end joining (NHEJ) (Figure 3.1a). Al-

though powerful, this approach has several limitations: 1) An attempt to induce a deletion,

particularly a longer deletion, often results in short insertions or deletions (indels; typically

less than 10-bp) near one or both DSBs, with or without the intended deletion[75, 76, 77];

2) Other unintended mutations including large deletions and more complex rearrangements

can frequently occur, and go undetected for technical reasons[77, 78, 79, 80]; 3) DSBs are a

cytotoxic insult[81]; and 4) The junctions of genomic deletions programmed by this method

are limited by the distribution of naturally occurring PAM sites. Notwithstanding these lim-

itations, various studies have employed this strategy to great effect, e.g. to investigate the

function of genes and regulatory elements[82, 83, 77], as well as towards gene therapy[84, 85].

However, limited precision, DSB toxicity and the inability to program arbitrary deletions

have handicapped the utility of CRISPR-Cas9-induced deletions in functional and therapeu-

tic genomics.

Recently, Liu and colleagues described prime editing, which expands the CRISPR-Cas9

genome editing toolkit in critical ways[86]. Prime editing utilizes a Prime Editor-2 enzyme,

which is a Cas9 nickase (Cas9 H840A) fused with a reverse-transcriptase, and a 3-extended

gRNA (prime-editing gRNA or pegRNA). The Prime Editor-2 enzyme and pegRNA complex

can nick one strand of the genome and attach a 3 single-stranded DNA flap to the nicked site

following the template RNA sequence in the pegRNA molecule. By including homologous

sequences to the neighboring region, DNA damage repair factors can incorporate the 3-

flap sequence into the genome. The incorporation rate can be further enhanced using an

additional gRNA, which makes a nick on the opposite strand, boosting DNA repair with the

3-flap sequence but often with a decrease in precision (strategy referred to as PE3/PE3b)[86]
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(Figure 3.1b). The principal advantage of prime editing lies with its encoding of both the

site to be targeted and the nature of the repair within a single molecule, the pegRNA. In

addition to demonstrating many other classes of precise edits, Anzalone et al. used the

PE3 strategy to show that a single pegRNA/gRNA pair could be used to program deletions

ranging from 5 to 80 bp achieving high efficiency (52-78%) with modest precision (on average,

11% rate of unintended indels)[86]. However, even the PE3 strategy could face difficulties

in programming deletions larger than 100 bp, as at least in plants, observed efficiencies fall

precipitously for deletions larger than 20 bp[87].

We reasoned that a pair of pegRNAs could be used to specify not only the sites that

are nicked but also the outcome of the repair, potentially enabling programming of deletions

longer than 100 bp (Figure 3.1c). Here we demonstrate that this strategy, which we call

PRIME-Del, induces the efficient deletion of sequences up to 10 kb in length with much higher

precision than observed or expected with either the Cas9/paired-gRNA or PE3 strategies.

We furthermore show that PRIME-Del can concurrently program short insertions at the

deletion site. Concurrent deletion/insertion can be used to introduce in-frame deletions,

to introduce epitope tags concurrently with deletions, and, more generally, to facilitate the

programming of deletions unrestricted by the endogenous distribution of PAM sites. By

filling these gaps, PRIME-Del expands our toolkit to investigate the biological function of

genomic sequences at single nucleotide resolution.

3.3 Results

3.3.1 PRIME-Del induces precise deletions in episomal DNA

We first tested the feasibility of the PRIME-Del strategy by programming deletions to an

episomally encoded eGFP gene. We designed pairs of pegRNAs specifying 24-, 91- and 546-

bp deletions within the eGFP coding region of the pCMV-PE2-P2A-GFP plasmid (Addgene

#132776) (Figure 3.1d). We cloned each pair of pegRNAs into a single plasmid with sep-

arate promoters, the human U6 and H1 sequences[77]. We transfected HEK293T cells with
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eGFP-targeting paired-pegRNA and pCMV-PE2-P2A-GFP plasmids. We harvested DNA

(including both genomic DNA and residual plasmid) from cells 4-5 days after transfection

and PCR amplified the eGFP region. We then sequenced PCR amplicons to quantify the

efficiency of the programmed deletion as well as to detect unintended edits to the targeted

sequence.

We calculated deletion efficiency as the number of reads aligning to a reference sequence

of the intended deletion, out of the total number of reads aligning to reference sequences

either with or without the deletion. Estimated deletion efficiencies ranged from 38% (24-bp

deletion) to 77% (546-bp deletion), and were consistent across replicates (note: throughout

the paper, the term replicate is used to refer to independent transfections) (Figure 3.1e).

This result clearly indicates that the PRIME-Del strategy outlined in Fig. 1c can work.

However, we were initially concerned that these were overestimates of efficiency due to the

shorter, edited templates being favored by both PCR and Illumina-based sequencing, par-

ticularly for the 546-bp deletion, because it has the largest difference between amplicon sizes

(766-bp vs. 220-bp for wild-type and deletion amplicons, respectively). To address this, we

repeated the amplification on DNA from the 546-bp deletion experiment with a two-step

PCR, first adding 15 bp unique molecular identifiers (UMIs) via linear amplification before

a second, exponential phase. The addition of UMIs via linear PCR was intended to min-

imize PCR and sequencing biases in our estimates of deletion efficiencies[88]. PRIME-Del

efficiency was assessed based on the sequencing data after collapsing of reads with identical

UMIs, as well as on the product size distribution (Agilent TapeStation). We observed a

slight decrease in deletion efficiency after duplicate removal, from 73% to 66%, comparable

to the 70% efficiency measured on the TapeStation (Figure 3.1f). These results suggest

that our initial estimates of efficiency are only modestly impacted by size-dependent biases.

For most of these sequencing data, we had only a single read extending over the intended

deletion site. As such, it was difficult to distinguish unintended editing outcomes (e.g.

indels at the nick sites) from PCR or sequencing errors. To address this in part, we plotted

frequencies of different classes of errors (substitutions, insertions, deletions) for sequences
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aligning either to the unedited sequence (Figure 3.1g, top) or the intended deletion

(Figure 3.1g, bottom), along the length of the sequencing read. For all replicates of the

three deletion experiments (Figure 3.6), these profiles showed low rates of substitutions

and indels, with nearly identical profiles and no consistent increase in the rate of any class of

error at either the positions of the Prime Editor-2 enzyme nick sites or 3 flap ends above 1%,

particularly after collapsing by UMI (Figure 3.1g, Figure 3.6e) or repeating sequencing

with longer, paired-end sequencing reads (Figure 3.1h).

3.3.2 Simultaneous deletion and short insertion using PRIME-Del

We reasoned that because the homology sequences in the 3′-flaps program the deletion,

we could potentially use PRIME-Del to concurrently introduce a short insertion at the

deletion junction (Figure 3.2a). The desired insertion would be encoded into the pair of

pegRNAs in a reverse complementary manner, just 5′ to the deletion-specifying homology

sequences. With the conventional strategy for programming deletions, i.e. with Cas9 and

paired gRNAs, the deletion junctions are determined by the gRNA targets, the selection of

which is limited by the natural distribution of PAM sites (Figure 3.2b). Simultaneous

deletion and short (less than 100 bps) insertion with PRIME-Del would offer at least three

advantages over this conventional strategy. First, an arbitrary insertion of 1-3 bases could

enable a reading frame to be maintained after editing, e.g. for deletions intended to remove

a protein domain. Second, an arbitrary insertion could be used to effectively move one or

both deletion junctions away from the cut-sites determined by the PAM, increasing flexibility

to program deletions with base-pair precision. Third, insertion of functional sequences at

the deletion junction could allow genome editing with PRIME-Del to be coupled to other

experimental goals (e.g. protein tagging or insertion of a transcriptional start site).

To test this concept, we designed pegRNA pairs encoding five insertions ranging from 3 to

30 bp at the junction of a 546-bp programmed deletion within eGFP (Figure 3.2c). While

our main objective was to test the effect of insertion length on deletion efficiency, we chose

insertion sequences for their importance in molecular biology: The 3-bp insertion sequence
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generates an in-frame stop codon. The 6-bp insertion sequence includes the start codon with

the surrounding Kozak consensus sequence. The 12-bp insertion sequence includes tandem

repeats of m6A post-transcriptional modification consensus sequence of GGACAT[89]. The

21-bp insertion sequence includes T7 RNA polymerase promoter sequence. The 30-bp inser-

tion sequence encodes for the in-frame FLAG-tag peptide sequence when translated. The

estimated efficiencies for simultaneous short insertion and deletion within the episomal eGFP

gene in HEK293T cells were comparable to the 546-bp deletion alone, ranging from 83% to

90% for the various programmed insertions (Figure 3.2d). Also, insertion, deletion and

substitution error rates at deletion junctions and across programmed insertions were compa-

rable to the background error frequencies (Figure 3.2e, Figure 3.7a). As expected, the

vast majority (>99%) of reads containing the programmed deletion also contained the inser-

tion (Figure 3.2f), indicating that the full lengths of the pair of 3′-DNA flaps generated

following the programmed pegRNA sequences specify the repair outcome (Figure 3.2a).

3.3.3 PRIME-Del induces precise deletions in genomic DNA

Encouraged by our initial results on editing episomal DNA, we next tested PRIME-Del

on a copy of the eGFP gene integrated into the genome. We first generated the polyclonal

HEK293T cells that carry the eGFP gene by lentiviral transduction, followed by flow-sorting

to select GFP-positive cells (Figure 3.3a). We then tested the same pairs of pegRNAs en-

coding concurrent deletion and insertions (546-bp deletion with or without short insertions at

the deletion junction) by transfecting pegRNAs and Prime Editor-2 enzyme without eGFP

(pCMV-PE2; Addgene #132775) to these cells. Although editing efficiencies decreased sub-

stantially in comparison to episomal eGFP (7-17%; Figure 3.3b), we remained unable to

detect errors that were clearly associated with editing (Figure 3.3c, Figure 3.7b). Specif-

ically, there was no consistent pattern of error classes above background level accumulating

at the nick-site or 3′-DNA-flap incorporation sites. Also, as previously, the vast majority of

reads with the 546-bp deletion also contained programmed insertions (Figure 3.7c).

To test PRIME-Del on native genes, we designed two pairs of pegRNAs that respectively
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specified 118 and 252-bp deletions within exon 1 of HPRT1 (Figure 3.3d). We have pre-

viously performed a scanning deletion screen across the HPRT1 locus using a Cas9/paired-

gRNA strategy[77]. To directly compare PRIME-Del with Cas9/paired-gRNAs in program-

ming genomic deletions, we attempted the same deletions with the same guides but substi-

tuting Prime Editor-2 enzyme with Cas9 in transfection of HEK293T cells. We quantified

the resulting deletion efficiencies using two independent methods: First, we used the afore-

described strategy of appending 15-bp unique molecular identifier (UMI) sequence via linear

PCR step, before the standard PCR and sequencing readout. Resulting sequencing reads are

collapsed by shared UMIs to minimize possible biases introduced in the PCR amplification

and sequencing cluster generation steps. Second, we used droplet-digital PCR (ddPCR),

which partitions genomic DNA into emulsion droplets before PCR amplification and fluo-

rescence read-out of TaqMan probes within each droplet. We designed our probe to bind at

the deletion junction, which would generate fluorescence signals specifically in the presence

of the deletion. Our design of reporter probe aims to quantify the precise editing efficiencies,

as errors introduced at the deletion junction are less likely to induce efficient binding of the

probe during PCR[90]. Signals from deletions were normalized to the reference signal from

detecting the copy-number of RPP30 gene, which has been previously characterized and

often used as a standard in ddPCR assay[90]. At exon 1 of HPRT1, we observed compara-

ble deletion efficiencies for the PRIME-Del and Cas9/paired-gRNA strategies in HEK293T,

ranging from 5% to 30% efficiencies for 118-bp and 252-bp deletions (Figure 3.3e). Of

note, we observed consistently lower efficiencies with the ddPCR assay compared to the

UMI-based sequencing assay. While this could be due to overestimation of efficiencies by

the UMI-based approach, we also note that PCR amplification of the target region may be

inefficient in the ddPCR assay based on the lack of clear separation of fluorescence intensities

between positive and negative droplets (Figure 3.8c,d).

As is well established[75, 76, 77], the Cas9/paired-gRNA strategy often resulted in errors

(mostly short deletions), whether with or without the intended deletion (Figure 3.3f,g;

Figure 3.8a). Of reads lacking the intended 118-bp or 252-bp deletions, 12% or 12%
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also contained an unintended indel at the observable target site, respectively (these are

underestimates, because they only account for one of two target sites) (Figure 3.3f, top).

Of reads containing the intended 118-bp or 252-bp deletions, 38% or 34% also contained

an unintended indel at the deletion junction, respectively (Figure 3.3f, bottom). Such

junctional errors are an established consequence of error-prone repair by NHEJ. In contrast,

unintended indels were far less common with PRIME-Del (Figure 3.3g; Figure 3.8b).

Of reads lacking the intended 118-bp or 252-bp deletions, 1.1% or 0.5% also contained an

unintended short indel at the observable target site, respectively (Figure 3.3g, top). Of

reads containing the intended 118-bp or 252-bp deletions, 12% or 2.7% also contained an

unintended indel at the deletion junction, respectively (Figure 3.3g, bottom). The pattern

of higher correct editing efficiencies for PRIME-Del over the Cas9/paired-gRNA strategy is

also suggested by the ddPCR measurements, where the PRIME-Del reports a nearly 2-fold

higher precisely edited population for both deletions.

For PRIME-Del, especially with the 118-bp deletion on HPRT1, the observation of an

appreciable rate of insertions at the deletion junction in association with intended deletions

(Figure 3.3g, bottom; Figure 3.8b) contrasts with our earlier observations at eGFP,

where these rates were consistently equivalent to background. Further investigation of the

error mode revealed that these errors corresponded to long insertions (mean 47-bp +/- 12-bp;

Figure 3.9). The most frequent long insertion at the 118-bp deletion junction was 55-bp,

a chimeric sequence between two 32-bp 3′-DNA flap sequences, overlapping at a GCCCT

sequence, suggesting its origin from the annealing of GC-rich ends of 3′-DNA flaps. Similar

chimeric sequences were observed as insertions at the 252-bp deletion junction, overlapping

at GCCG within their 3′-DNA flaps. Nonetheless, even with these long insertions, 82% and

91% of all reads containing an indel matched the intended deletion exactly with PRIME-Del,

but only 38% and 49% with the Cas9/paired-gRNA strategies (Figure 3.3h). Indel errors

from the Cas9/paired-gRNA strategy are likely underestimated, because errors at only one

of two Cas9 cut-sites are captured by our sequencing strategy.

The structure of the observed insertions and the lack of similar errors in applying PRIME-
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Del to the eGFP locus suggested that this issue might be addressable through alternative

pegRNA designs. As one approach, we either shortened or lengthened the RT template

portion of both pegRNAs. For 118-bp deletion that used 32-bp RT template lengths for

both pegRNAs, we shortened to either 17- and 25-bp long homology arms or lengthened

to 42- and 46-bp long homology arms (Figure 3.10a). Both lengthening and shortening

homology arms resulted in decreased deletion efficiencies (29% and 26% of the efficiencies

observed with the standard designs for short and long homology arms, respectively) (Figure

3.10b). However, among deleted products, lengthening the homology arms also tended to

decrease the long-insertion error frequency (to 30% of the standard design), while shortening

the homology arms increased the insertion error frequency (to 129% of the standard design)

(Figure 3.10d). Similar trends was observed with the 252-bp deletion, where shortening

or lengthening homology arms decreased the deletion efficiency (Figure 3.10c), while

lengthening the homology arm increased precision (Figure 3.10e). As a further control,

substituting the sequence of the RT template to that used for programming a 546-bp deletion

at eGFP failed to induce deletions for both 118-bp and 252-bp constructs targeting HPRT1

(Figure 3.10b,c), fortifying the conclusion that PRIME-Del deletions are specific to DNA

repair guided by the homology arm sequences.

We further applied genomic deletion using PRIME-Del at additional native loci, alto-

gether testing 10 different deletions at 7 loci (Figure 3.3h). We performed all deletions

in HEK293T cells, quantified deletion efficiencies and error frequencies using UMI-based

sequencing assay, and directly compared PRIME-Del with the Cas9/paired-gRNA method

(i.e. using the same guides but substituting in Cas9). Deletion sizes ranged from 118 bp at

HPRT1 exon 1 to 710 bp at e-NMU (enhancer for NMU gene) locus. In all 10 cases, we

observe substantially lower error rates with PRIME-Del compared to the Cas9/paired-gRNA

method. In five out of ten cases, we observe that the precise deletion is more efficient with

PRIME-Del compared to the Cas9/paired-gRNA method, suggesting that higher precision

does not compromise the deletion efficiencies in general. We did not observe a strong re-

lationship between the deletion size and efficiency in this range (118 to 710 bps) for either
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method.

Inversion of the sequence between two DSBs is a well-documented phenomenon when

using the Cas9/paired-gRNA method[75, 91] (Figure 3.11a). To understand the frequency

of inversion events using PRIME-Del, we aligned sequencing reads to a reference that was

generated by inverting the sequence between two nick-sites. Across 10 deletions in 7 loci at

which we performed PRIME-Del, we observed that virtually no reads aligned to the inverted

reference (Figure 3.11b), while for Cas9/paired-gRNA controls, inversions were detected

up in up to 2% of reads (Figure 3.11b).

To evaluate the length limits of PRIME-Del, we designed two additional deletions, sized

1,064 bps (1 kb) and 10,204 bps (10 kb) at the HPRT1 locus. Since our sequencing-based

assay is not well suited to detect amplicons greater than 1 kb, we used sequencing to quantify

error frequencies in the deletion product alone, and ddPCR to measure the efficiency of

precise deletion, again comparing Prime Editor-2 and Cas9 side-by-side. We observed that

while deletion efficiencies between PRIME-Del and the Cas9/paired-gRNA method were

comparable in HEK293T cells (Figure 3.3i), PRIME-Del achieves much higher precision,

consistent with our observations while inducing shorter deletions. For the 1-kb deletion, both

PRIME-Del and the Cas9/paired-gRNA method achieved nearly 3% deletion efficiency. For

the 10-kb deletion, PRIME-Del and the Cas9/paired-gRNA method achieved 0.8% and 1.6%

deletion efficiency, respectively. Upon sequencing amplicons derived from a PCR specific to

the post-deletion junction, 98% and 97% of reads lacked indel errors at the junction with

PRIME-Del for the 1-kb and 10-kb deletions, respectively, while only 47% and 42% of reads

lacked indel errors with the Cas9/paired-gRNA strategy (Figure 3.3j).

To test whether the PRIME-Del can be multiplexed, we pooled plasmids encoding paired-

pegRNAs programming four different but overlapping deletions (118, 252, 469 and 1064 bps)

at the HPRT1 locus, and transfected HEK293T cells with these together with a plasmid en-

coding the Prime Editor-2 enzyme. After incubating cells for 4 days and extracting genomic

DNA, we used sequencing-based quantification to estimate 5.1%, 8.5% and 2.8% efficiencies

for the 118-, 252-, and 469-bp deletions, and ddPCR to estimate 2% efficiency for the 1064-bp
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deletion (Figure 3.12). Altogether, we estimate that 18% of HPRT1 loci carry one of the

four programmed deletions, which is comparable to the averaged efficiency of four deletions

performed by transfecting a single construct of paired-pegRNA plasmid separately (12%).

Our result suggests that PRIME-Del can be used to concurrently program multiple deletions

by using pooled paired-pegRNA constructs similar to Cas9/paired-gRNA method[82, 83, 77].

3.3.4 Extending the editing time window enhances prime editing and PRIME-Del efficiency

In contrast with Cas9-mediated DSBs followed by NHEJ, both prime editing and PRIME-

Del have high editing precision, producing an intended edit or conserving the original ed-

itable sequence. We reasoned that if the editing efficiencies of prime editing and PRIME-Del

are limited by the transient availability of PE2/pegRNA molecules in the cell, extending

Prime Editor-2 enzyme and pegRNA expression through stable genomic integration or, al-

ternatively, repetitive transfection, would boost the rates of successful editing over time,

particularly if uneditable dead ends outcomes are not concurrently accruing.

To facilitate prolonged expression, we generated monoclonal HEK293T and K562 cell lines

expressing Prime Editor-2 enzyme (termed HEK293T(PE2) and K562(PE2), respectively).

Because the Prime Editor-2 enzyme gene was larger than the lentiviral vectors typical limit,

we cloned Prime Editor-2 enzyme into the piggyBAC cargo, transfected it along with the pig-

gyBAC transposase, and identified a monoclonal cell line with active PE2. To continuously

express pegRNAs in addition to Prime Editor-2 enzyme, we generated lentiviral vectors with

pegRNAs and transduced them into both HEK293T(PE2) and K562(PE2) cells (Figure

3.4a). We tested two different deletions at HPRT1 using PRIME-Del (the aforedescribed

118-bp and 252-bp deletions at exon 1), along with standard prime editing to insert 3-bp

(CTT) into the synthetic HEK3 target sequence[86]. In K562(PE2), we observed a steady

increase of the correctly edited population over time, both for CTT-insertion using prime

editing and for 118- or 252-bp deletions using PRIME-Del. The end-point prime editing

efficiencies for the CTT-insertion were very high, reaching 90% of targets with correct edits

by 19 days after the first transduction of pegRNA into K562(PE2) cells (Figure 3.4b). The
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rate of precise deletions using PRIME-Del also reached nearly 50% and 25% for the 118-bp

and 252-bp deletions, respectively, by 19 days. In HEK293T(PE2) cells, we observed lower

CTT-insertion efficiencies for the first 10 days, but eventually reaching 80-90% by day 19

(Figure 3.4c). Unexpectedly, we observed the near-absence of PRIME-Del -induced dele-

tions in HEK293T(PE2) cells (Figure 3.4c). However, the same HEK293T(PE2) cell line

showed modest increases in editing to 5 - 50% when we attempted multiple transfections of

either PE2/pegRNA without additional stable integration or Prime Editor-2 enzyme alone

after stable integration of piggyBAC-pegRNA, over four weeks (Figure 3.13a,b). We re-

peated the experiment with the same HEK293T(PE2) cell line but with a different batch

of pegRNA-encoding lentivirus, which resulted in better efficiencies for the 118-bp deletion

over time (Figure 3.13c), suggesting that PRIME-Del is more sensitive to both pegRNA

and Prime Editor-2 enzyme expression level differences between transfection and lentiviral

transduction than standard prime editing, presumably because the PRIME-Del requires two

concurrent PE2 actions. Together, our results confirm that extended expression of prime

editing or PRIME-Del components can boost efficiency.

3.3.5 Potential applications of PRIME-Del

Here we introduce PRIME-Del, a paired pegRNA strategy for prime editing, and demon-

strate that it achieves high precision for programming deletions, both with or without short

programmed insertions. We tested deletions ranging from 20 to 10,000-bp in length at epi-

somal, synthetic genomic, and native genomic loci. The editing efficiency on native genes

ranged from 1-30% with a single round of transient transfection in HEK293T cells, although

we also observed that prolonged, high expression of prime editing or PRIME-Del components

enhanced editing efficiency in K562 cells. For 12 deletions at seven genomic loci targeted

with PRIME-Del, we observed high precision of editing except at HPRT1 exon 1, where long

insertions were sometimes observed at the deletion junction ( 5% of total reads). The GC-

rich ends of 3′-DNA flap sequences of the pegRNA pairs used at HPRT1 exon 1 appear to

underlie the long insertions. Optimizing pegRNA design may be able to eliminate this error
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mode, and we show that lengthening homology arms tends to decrease the frequency of long

insertion errors. To facilitate avoidance of this particular error mode, we have developed an

accompanying Python-based webtool for designing PRIME-Del paired-pegRNA sequences,

which notifies the user if such sequences are present in designed pegRNA pairs.

However, even with these insertion errors, PRIME-Del consistently demonstrated higher

precision than the Cas9/paired-gRNA strategy, i.e. for all 12 genomic deletions tested here,

PRIME-Del resulted in fewer erroneous outcomes. For these same 12 cases, PRIME-Del

exhibited markedly higher precise-deletion efficiencies for five (greater than a factor of two),

comparable efficiencies for five (within a factor of two), and markedly lower efficiencies for two

(less than half), compared to the Cas9/paired-gRNA method. Overall, these observations

support the view that PRIME-Del achieves higher precision than the Cas9/paired-gRNA

method without compromising editing efficiency.

A potential design-related limitation of PRIME-Del is that relative to the conventional

Cas9/paired-gRNA strategy, it constrains the useable pairs of genomic protospacers, as they

need to occur on opposing strands with the PAM sequences oriented towards one another

(Figure 3.1c). However, the development and optimization of a near-PAMless[92] prime

editing enzyme[93] would relax this constraint. A further limitation is that because of their

longer length, cloning a pair of pegRNAs in tandem is more challenging than cloning gRNA

pairs. Each pegRNA used here is 135 to 140 bp in length, such that synthesizing their unique

components in tandem as a single, long oligonucleotide approaches the limits of conventional

DNA synthesis technology, particularly for goals requiring array-based synthesis of paired

pegRNA libraries.

Notwithstanding these limitations, PRIME-Del offers significant advantages over alter-

natives across several potential areas of application (Figure 3.5). Most straightforwardly,

PRIME-Del can be used for precise programming of deletions up to 10 kb; we have yet

to attempt deletions longer than 10 kb. In addition to the much lower indel error rate ob-

served at the deletion junction compared to the Cas9/paired-gRNA strategy, inducing paired

nicks is less likely to result in large, unintended deletions locally, rearrangements genome-
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wide (chromothripsis)[94], or off-target editing[86, 95, 79, 96, 97]. These characteristics are

advantageous for developing therapeutic approaches, e.g. where the PRIME-Del deletes

pathogenic regions such as CGG-repeat expansions in 5-UTR of FMR1, without undesired

perturbation of nearby or distant sequences[84, 85].

PRIME-Del also allows simultaneous insertion of short sequences at the programmed

deletion junction without substantially compromising its efficiency or precision. Inserting

short sequences allows for precise deletions of protein domains while preserving the native

reading frame, i.e. avoiding a premature stop codon that might otherwise elicit a complex

nonsense-mediated decay (NMD) response[98, 99]. Furthermore, inserting biologically active

sequences upon deletion is likely to be advantageous in coupling PRIME-Del with technolo-

gies, i.e. by inserting epitope tags or T7 promoter sequences that can be used as molecular

handles within edited genomic loci.

We also expect less toxicity via DNA damage by prime editing-based PRIME-Del than

with the conventional Cas9/paired-gRNA strategy, which may facilitate multiplexing of pro-

grammed genomic deletions for frameworks such as scanDel and crisprQTL[78, 77]. For

studying the non-coding elements in transcription, efficient and precise deletions up to 10

kb complements the current use of deactivated Cas9-tethered KRAB domain for CRISPR-

interference (CRISPRi), which cannot control the range of epigenetic modifications around

target regions. As such, we anticipate that PRIME-Del could be broadly applied in massively

parallel functional assays to characterize native genetic elements at base-pair resolution.

3.4 Materials and Methods

3.4.1 pegRNA/gRNA design

For pegRNA/gRNA design, we initially used CRISPOR[100] to select for 20-bp CRISPR-

Cas9 spacers within a given region of interest. We avoided spacers annotated as inefficient,

including U6/H1 terminator and GC-rich sequences, and generally selected spacers that had

higher predicted efficiencies (Doench scores for U6 transcribed gRNAs[101]). The length of
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the RT-template portion of a pegRNA was initially set to 30-bp and extended by 1 to 2-bp

if it ended in G or C[86, 102].

3.4.2 Web tool for PRIME-Del paired-pegRNA design

To facilitate PRIME-Del paired-pegRNA design, we developed a Python-based web tool

that automates the design process. The software takes a FASTA-formatted sequence file

as the input, identifies all possible PAM sequences within the provided region, and initially

generates all potential paired pegRNA sequences to program deletions. The software can also

optionally take as input scored gRNA files generated using Flashfry[103], CRISPOR[100] or

GPP sgRNA designer[100]; this is highly recommended to identify effective CRISPR-Cas9

spacers. For FlashFry and CRISPOR, gRNA spacers with MIT specificity scores[104] below

50 are filtered out as recommended by CRISPOR. From initially generated pegRNA pairs,

the software selects relevant ones based on additional user-provided design parameters. For

example, the user can define the deletion size range. The user can also define the start and

end position of desired deletion, and the software will filter to pegRNA pairs present windows

centered at those coordinates. pegRNAs for deletions whose junctions do not fall at PAM

sites can be designed using the option –precise (-p), which adds insertion sequences to both

pegRNAs to facilitate the desired edit.

The PRIME-Del design software also enables additional design constraints to be specified.

The pegRNA RT-template length (also known as the homology arm) is set to 30-bp by

default, unless specified otherwise by the user. The pegRNA PBS length is set to 13-bp

from the PE2 nick-site by default, unless specified otherwise by the user. The nick position

relative to the PAM sequence is predicted using previously identified parameters (Lindel[24]),

and RT-template length is adjusted accordingly if the predicted likelihood of generating a

nick at a non-canonical position is greater than 25%. PegRNA sequences that include RNA

polymerase III terminator sequences (more than four consecutive Ts) are filtered out. The

software generates warning messages if more than 4 out of 5 bp in either 3-DNA-flap are either

G or C. Code is available at https://github.com/shendurelab/PRIME-Del, and interactive
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webpage is available at https://primedel.uc.r.appspot.com/.

3.4.3 pegRNA cloning

After designing pegRNA pairs, we followed the Golden-Gate cloning strategy outlined

by Anzalone et al.[86], assembling three dsDNA fragments and one plasmid backbone. The

first dsDNA fragment contains the pegRNA-1 spacer sequence, annealed from two comple-

mentary synthetic single-strand DNA oligonucleotides (IDT) with 4-bp 5′-overhangs. The

second dsDNA fragment contains the pegRNA-1 gRNA scaffold sequence, annealed from

two DNA oligonucleotides with 5′-end phosphorylation at the end of 4-bp overhang. The

third dsDNA fragment contains the pegRNA-1 RT template sequence and primer binding

sequence (PBS), pegRNA-1 terminator sequence (six consecutive Ts), and pegRNA-2 se-

quence with H1 promoter sequence. This was generated by appending pegRNA-1 portion

and pegRNA-2 portion to two ends of gene fragments (purchased as gBlocks from IDT) by

PCR amplification. The gene fragments contained the pegRNA-1 terminator sequence, H1

promoter sequence, pegRNA-2 spacer sequence, and pegRNA-2 gRNA scaffold sequences.

The forward primer included the BsmBI or BsaI restriction site, pegRNA-1 RT template

sequence and PBS. The reverse primer included pegRNA-2 RT template, PBS, and BsmBI

or BsaI restriction site. PCR fragments (sized between 300 and 400 bp) were purified us-

ing 1.0X AMPure (Beckman Coulter) and mixed with two other dsDNA fragments and

linearized backbone vector with corresponding overhangs for Golden-Gate-based assembly

mix (BsmBI or BsaI golden-gate assembly mix from New England Biolabs). For the pe-

gRNA cloning backbone, we used either the GG-acceptor plasmid (Addgene #132777) or

piggyBAC-cargo vector that carries the blasticidin-resistance gene. Each construct plasmid

was transformed into Stbl Competent E. coli (NEB C3040H) for amplification and purified

using a miniprep kit (Qiagen). Cloning was verified using Sanger sequencing (Genewiz).
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3.4.4 Tissue culture, transfection, lentiviral transduction, and monoclonal line generation

HEK293T and K562 cells were purchased from ATCC. HEK293T cells were cultured in

Dulbeccos modified Eagles medium with high glucose (GIBCO), supplemented with 10%

fetal bovine serum (Rocky Mountain Biologicals) and 1% penicillin-streptomycin (GIBCO).

K562 cells were cultured in RPMI 1640 with L-Glutamine (Gibco), supplemented with 10%

fetal bovine serum (Rocky Mountain Biologicals) and 1% penicillin-streptomycin (GIBCO).

HEK293T and K562 cells were grown with 5% CO2 at 37 ◦C.

For transient transfection, about 50,000 cells were seeded to each well in a 24-well plate

and cultured to 70-90% confluency. For prime editing, 375 ng of Prime Editor-2 enzyme

plasmid (Addgene #132775) and 125 ng of pegRNA or paired-pegRNA plasmid were mixed

and prepared with transfection reagent (Lipofectamine 3000) following the recommended

protocol from the vendor. For deletion using Cas9/paired-gRNA, 375 ng of Cas9 plasmid

(Addgene #52962) was used instead of Prime Editor-2 enzyme plasmid. Cells were cultured

for four to five days after the initial transfection unless noted otherwise, and its genomic

DNA was harvested either using DNeasy Blood and Tissue kit (Qiagen) or following cell

lysis and protease protocol from Anzalone et al.[86].

For lentiviral generation, about 300,000 cells were seeded to each well in a 6-well plate and

cultured to 70-90% confluency. Lentiviral plasmid was transfected along with the ViraPower

lentiviral expression system (ThermoFisher) following the recommended protocol from the

vendor. Lentivirus was harvested following the same protocol, concentrated overnight using

Peg-it Virus Precipitation Solution (SBI), and used within 1-2 days to transduce either K562

or HEK293T cells without a freeze-thaw cycle.

For transposase integration, 500 ng of cargo plasmid and 100 ng of Super piggyBAC trans-

posase expression vector (SBI) were mixed and prepared with transfection reagent (Lipofec-

tamine 3000) following the recommended protocol from the vendor. Prime Editor-2 enzyme-

expressing single-cell clones were generated by integrating PE2 using piggyBAC transposase

system, selected by marker (puromycin resistance gene), single-cell sorted into 96-well plates
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using flow-sort apparatus, cultured for 2-3 weeks until confluency, and screened for PE ac-

tivity by transfecting CTT-inserting pegRNA alone (Addgene #132778) and sequencing the

HEK3-target loci.

3.4.5 DNA sequencing library preparation

To quantify programmed deletion efficiency and possible errors generated by PRIME-Del,

we amplified the targeted region from purified DNA ( 200 to 1000 bp in length) using two-

step PCR and sequenced using Illumina sequencing platform (NextSeq or MiSeq) (Figure

3.6 a). Each purified DNA sample contains wild-type and edited DNA molecules, which

were amplified together using the same pairs of primers through each PCR reaction. For the

PCR-amplification, we designed a pair of primers for each genomic locus (amplicon) where

entire amplicon sizes, with or without deletion, were greater than 200 bp to avoid potential

problems in PCR-amplification, in purifying of PCR products, and in clustering onto the

sequencing flow-cell.

The first PCR reaction (KAPA Robust) included 300 ng of purified genomic DNA or 2

µL of cell lysate, 0.04 to 0.4 µM of forward and reverse primers in a final reaction volume

of 50 µL. We programmed the first PCR reaction to be: 1) 3 minutes at 95◦C, 2) 15

seconds at 95◦C, 3) 10 seconds at 65◦C, 4) 45 seconds at 72◦C, 25-28 cycles of repeating

step 2 through 4, and 5) 1 minute at 72◦C. Primers included sequencing adapters to their

3-ends, appending them to both termini of PCR products that amplified genomic DNA.

After the first PCR step, products were assessed on 6% TBE-gel and purified using 1.0X

AMPure (Beckman Coulter) and added to the second PCR reaction that appended dual

sample indexes and flow cell adapters. The second PCR reaction program was identical to

the first PCR program except we run 5-10 cycles. Products were again purified using AMPure

and assessed on the TapeStation (Agilent) before denatured for the sequencing run. For long

deletions that generate amplicons sized 200 to 300 bp, we used Miseq sequencing platform

at low (8 pM) input DNA concentration to minimize the short amplicons replacing the long
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amplicons during clustering, aiming cluster density of 300-400 k/mm2. Denatured libraries

were sequenced using either Illumina NextSeq or MiSeq instruments following the vendor

protocols.

For appending 15-bp unique molecular identifiers (UMI), we performed the first PCR

reaction in two-steps: First, genomic DNA was linearly amplified in the presence of 0.04 to

0.4 µM of single forward primer in two PCR cycles using KAPA Robust polymerase. We

programmed the UMI-appending linear PCR reaction to be: 1) 3 minutes and 15 seconds at

95◦C, 2) 1 minute at 65◦C, 3) 2 minutes at 72◦C, 5 cycles of repeating step 2 and 3, 4) 15

seconds at 95◦C, 5) 1 minute at 65◦C, 6) 2 minutes at 72◦C, and another 5 cycles of repeating

step 5 and 6. This reaction was cleaned up using 1.5X AMPure, and subject to the second

PCR with forward and reverse primers. In this case, the forward primer anneals to the

upstream of UMI sequence and is not specific to the genomic loci. After PCR amplification,

products were cleaned up and added to another PCR reaction that appended dual sample

indexes and flow cell adapters, similar to other samples.

3.4.6 Sequencing data processing and analysis

We designed the sequencing layout to cover at least 50-bp away from the deletion junction

in each direction (Figure 3.6 a). In case of the paired-end sequencing, PEAR[105] was used

to merge the paired-end reads with default parameters and -e flag to disable the empirical

base frequencies. When 15-bp UMI was present in the sequencing reads, we used a custom

Python script to find all reads that share the same UMI, and collapsed into a single read with

the most frequent sequence. The resulting sequencing reads were aligned to two reference

sequences (with or without deletion) generally using the CRISPResso2 software[106]. Default

alignment parameters were used in CRISPResso2, with the gap-open penalty of -20, the gap-

extension penalty of -2, and the gap incentive value of 1 for inserting indels at the cut/nick

sites. The minimum homology score for a read alignment was explored between 50 and 95 for

different amplicon length. Custom python and R scripts were used to analyze the alignment

results from CRISPResso2.
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3.4.7 Droplet digital PCR (ddPCR) assay

Alignment was done using two reference sequences (wild-type and deletion) of same se-

quence length, generating two sets of reads with respective reference sequences. Deletion

efficiencies were calculated as the fraction of total number of reads aligning to the reference

sequence with deletion over the total number of reads aligning to either references. Genome

editing has three types of error modes: substitution, insertion, and deletion. Each error

frequency was plotted across two reference sequences, highlighting in each such plot the

Cas9(H840A) nick-site and the 3′-DNA flap incorporation sites.

We designed ddPCR probes following the recommended parameters by Bio-Rad Labora-

tories. We purchased pre-mixed reference probes and primers for the RPP30 gene from

Bio-Rad Laboratories. Probes and PCR primers were purchased from Integrated DNA

Technologies (IDT). Probes were modified with FAM on their 5′-ends and included dou-

ble quenchers (IDT PrimeTime qPCR probes). Probe sequences were specifically designed

to cover the deletion junction for detecting precise deletion products[90]. For detecting

each deletion, we prepared a 20X primer mix composed of 18 µM forward-primer, 18 µM

reverse-primer, and 5 µM FAM-labeled probe in 50 mM Tris-HCl buffer (pH 8.0 at room

temperature). 25 µL of ddPCR reaction mixes were composed of 12.5 µL of 2X Supermix

for Probes (no dUTP) (Bio-Rad Laboratories), 1.25 µL of 20X HEX-modified RPP30 ref-

erence mix (Bio-Rad Laboratories), 1.25 µL of 20X FAM-modified primer mix, 0.5 µL of

cell lysate containing genomic DNA, and 9.5 µL of DNAse-free water. We added 20 µL of

ddPCR reaction mix to 70 µL of Droplet generation oil for probes and used QX200 Droplet

generator (Bio-Rad Laboratories) to generate droplets. Droplets were transferred to ddPCR

96-well plates (Bio-Rad Laboratories) and run on 96-well thermocyclers (Eppendorf) with

the following program: 1) 10 minutes at 95◦C, 2) 30 seconds at 94◦C, 3) 1 minute at 50◦C,

41 cycles of repeating step 2 and 3, 4) 10 minutes on 98◦C, and 5) cooled down to 4◦C before

loading to QX200 Droplet reader. Temperature ramps were limited to 1◦C per second on

all steps on thermocyclers. We used QX200 Droplet reader and Bio-Rad QuantaSoft Pro
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software to visualize and analyze ddPCR experiments. The deletion efficiencies were taken

from the ratio of FAM+ (precise-deletion) over HEX+ (RPP30 reference for genomic DNA

loading) events.
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3.5 Figures
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Figure 3.1: Precise episomal deletions using PRIME-Del. a. Schematic of
Cas9/paired-gRNA deletion strategy. b. Schematic of PE3 strategy, wherein the Prime
Editor-2 enzyme and gRNA complex induce a nick (denoted as a gap in the bottom DNA
strand), even after the correct editing event. c. Schematic of PRIME-Del using pairs of
pegRNAs that target opposite DNA strands. Each pegRNA encodes the sites to be nicked
at each end of the intended deletion, as well as a 3 flap that is complementary to the region
targeted by the other pegRNA. d. Cartoon representation of deletions programmed within
the episomally-encoded eGFP gene (not drawn to a scale). e. PRIME-Del -mediated deletion
efficiencies and error frequencies (with or without intended deletion) were measured for 24-
bp, 91-bp, and 546-bp deletion experiments in HEK293T cells (averaged over replicates; n =
5). Sequencing reads were classified as without indel modifications (No editing), indel errors
without the intended deletion, indel errors with the intended deletion, and correct deletion
without error. f. PRIME-Del -mediated deletion efficiency was measured for the 546-bp
deletion experiment using three methods. Error bars represent standard deviation for three
replicates. g. Insertion, deletion and substitution error frequencies across sequencing reads
from 546-bp deletion experiment. Reads were aligned to reference sequence either without
(top) or with (bottom) deletion. Plots are from single-end reads with collapsing of UMIs to
reduce sequencing errors; also shown with additional replicates and error-class-specific scales
in Figure 3.6 e. Note that only one of the two 3-DNA-flaps is covered by the sequencing
read in amplicons lacking the deletion (labeled as wild-type). h. Insertion, deletion and
substitution error frequencies across the amplicons from 546-bp deletion experiment after
merging paired-end sequencing reads.
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Figure 3.2: Concurrent programming of deletion and insertion using PRIME-
Del. a. Schematic of strategy, with reverse complementary sequences corresponding to the
intended insertion in purple. b. Conventional strategy for deletion with Cas9 and pairs
of gRNAs. Potential deletion junctions are restricted by the natural distribution of PAM
sites. c. Pairs of pegRNAs were designed to encode five insertions, ranging in size from 3
to 30 bp, together with a 546 bp deletion in eGFP. d. Estimated deletion efficiencies and
indel error frequencies (with or without intended deletion) in using these pegRNA pairs to
induce concurrent deletion and insertion in HEK293T cells (averaged over replicates; n =
3). e. Representative insertion, deletion and substitution error frequencies plotted across
sequencing reads from concurrent 546-bp deletion and 30-bp insertion condition. Plots are
from single-end reads without UMI correction. Note that only one of the two 3′-DNA-
flaps is covered by the sequencing read in amplicons lacking the deletion (labeled as wild-
type). f. The percentage of reads containing the programmed deletion that also contain the
programmed insertion. Error bars represent standard deviation for at least three replicates.
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Figure 3.3: Precise genomic deletions using PRIME-Del. a. Schematic of gener-
ation of the eGFP-integrated HEK293T cell line. b. Estimated deletion efficiencies and
error frequencies in using PRIME-Del for concurrent deletion and insertion on genomically
integrated eGFP in HEK293T cells (n = 3). c. Representative insertion, deletion and sub-
stitution error frequencies plotted across sequencing reads from concurrent 546-bp deletion
and 30-bp insertion condition on genomically integrated eGFP. Plots are from single-end
reads without UMI correction. d. Cartoon representation of deletions programmed within
the HPRT1 gene. e. Deletion efficiencies measured for the 118-bp and 252-bp deletion us-
ing either PRIME-Del or Cas9/paired-gRNA (abbreviated to Cas9) strategies in HEK293T
cells, quantified using either the unique-molecular identifier-based sequencing assay (UMI)
or the droplet-digital PCR (ddPCR) assay. Error bars represent standard deviation for three
replicates. f. Representative insertion, deletion and substitution error frequencies plotted
across sequencing reads from 118-bp deletion (left) and 252-bp deletion (right) at HPRT
exon 1, using the Cas9/paired-gRNA strategy. Different error classes are colored the same
as in (c). g. Same as (f), but for PRIME-Del strategy. h. Estimated deletion efficiencies
and indel error frequencies for different deletions across the genome for PRIME-Del (left)
and Cas9/paired-gRNA (right) methods (averaged over replicates; n = 3). UMI-based se-
quencing assay was used for quantification (except the GC-rich amplicon of FMR1*, where
added DMSO interfered with the UMI-addition reaction). i. Deletion efficiencies measured
for 1-kb and 10-kb deletions at HPRT1 using either PRIME-Del (left) or Cas9/paired-gRNA
(right) with ddPCR-based assay in HEK293T cells. Error bars represent standard deviation
for three replicates. j. Fraction of reads with precise deletion measured for the 1-kb and
10-kb deletion on HPRT1 gene with either PRIME-Del (left) or Cas9/paired-gRNA (right)
using sequencing of the deletion amplicons. Error bars represent standard deviation for three
replicates.
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Figure 3.4: Extending the editing time window enhances prime editing and
PRIME-Del efficiency. a. Schematic for stably expressing both Prime Editor-2 enzyme
and pegRNAs via two-step genome integration. b-c. Editing efficiencies measured for the
118-bp and 252-bp deletions at genomic HPRT1 exon 1 using PRIME-Del (paired-pegRNA
construct) or CTT-insertion using prime editing (single-pegRNA construct) in K562(PE2)
cells (b) or HEK293T(PE2) cells (c), as a function of time after initial transduction of
pegRNA(s). Error bars represent standard deviation for three replicates.
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Figure 3.5: Potential advantages of using PRIME-Del in various genome editing
applications. The PRIME-Del strategy can be used to program precise genomic deletions
without generation of short indel errors at Cas9 target sequences. Precision deletion, com-
bined with ability to insert a short arbitrary sequence at the deletion junction, may allow
robust gene knockout of active protein domains without generating a premature in-frame stop
codon, which can trigger the nonsense-mediated decay (NMD) pathway. PRIME-Del may
also allow replacement of genomic regions up to 10 Kb base-pairs with arbitrary sequences
such as epitope tags or RNA transcription start sites. Single-stranded breaks generated dur-
ing PRIME-Del are likely to be less toxic to the cell, especially when multiple regions are
edited in parallel, potentially facilitating its multiplexing.
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Figure 3.6: Error profiles with PRIME-Del deletions targeting episomally en-
coded eGFP. a. Sample preparation schematic for amplicon sequencing. Region around
the segment targeted for deletion is amplified from the genomic DNA using two-step PCR
amplification that appends sequencing adaptors in the second step. b-d. Insertion, dele-
tion and substitution error frequencies across sequencing reads for 24-bp deletion (b), 91-bp
deletion (c), and 546-bp deletion (d). These are based on single-end sequencing, with five
replicates per experiment, all sequenced on one run, overlaid. Note that except for 24-bp
deletion, only one of the two 3′-DNA-flaps is covered by the sequencing read in amplicons
lacking the deletion (labeled as wild-type). Y-axis scaling is different for each plot. e. Error
frequencies across 546-bp deletion after repeating amplification to allow unique molecular
identifier (UMI) correction. PCR duplicates identified by UMIs were collapsed into a single
read by taking the most frequent sequence sharing the same UMI. These are based on single-
end sequencing, with three replicates per experiment, all sequenced on one run, overlaid.
Y-axis scaling is different for each plot.
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Figure 3.7: Error profiles with concurrent deletion and insertion at episomally
or genomically encoded eGFP. a. Insertion, deletion and substitution error frequen-
cies plotted across sequencing reads from concurrent 546-bp deletion and various insertion
conditions, targeting episomally encoded eGFP. These are based on single-end sequencing,
with three replicates per experiment, all sequenced on one run, overlaid. Note that only one
of the two 3′-DNA-flaps is covered by the sequencing read in amplicons lacking the dele-
tion (labeled as wild-type). Locations within read corresponding to insertions at deletion
junction are highlighted between the nick-site (black dotted line) and end of insertion (red
dotted line). Y-axis scaling is different for each plot. b. Same as (a), but for experiments
targeting a genomically integrated copy of eGFP. c. The percentage of reads containing the
programmed deletion that also contain the programmed insertion. Similar to Figure 3.2f,
but for experiments targeting a genomically integrated copy of eGFP. Error bars represent
standard deviation for at least three replicates.
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Figure 3.8: Quantifying deletion efficiency and error frequency on native HPRT1
gene. a,b. Insertion, deletion and substitution error frequencies plotted across sequencing
reads from: (a) 118-bp or 252-bp deletion on HPRT1 using the Cas9/paired-gRNA strategy
and (b) 118-bp or 252-bp deletion on HPRT1 using the PRIME-Del strategy. Sequenc-
ing reads aligning to the deletion reference for HPRT1 condition are based on paired-end
sequencing, while all the other conditions are based on the single-end sequencing. Each ex-
periment has three replicates sequenced on one run, overlaid. Note that only one of the two
3′-DNA-flaps is covered by the sequencing read in amplicons lacking the deletion (labeled
as wild-type) and that y-axis scaling is different for each insertion, deletion and substitu-
tion plots. c,d. Droplet fluorescence level in Droplet digital PCR (ddPCR) assay for: (c)
118-bp deletion and (d) 252-bp deletion. Ratio of FAM-positive droplets (detecting precise-
deletion; upper panels) to HEX-positive droplets (detecting genomic DNA concentration;
bottom panels) was used for measuring deletion efficiencies with PRIME-Del (left three
wells) and Cas9/paired-gRNA (middle three wells) methods. For each probe set, negative
control (NTC) was performed to ensure specific signal from precise deletion. We note that
the separation is less clear (with more substantial raining patterns between negative and
positive levels) in the FAM channel compared to HEX channel, possibly due to inefficient
PCR amplification within the droplet. This phenomenon is more pronounced in Cas9/paired-
gRNA samples, possibly due to annealing of FAM-probe to deletion junction with short (1
bp) mismatches as described previously[90]
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Figure 3.9: Rare long insertions upon PRIME-Del editing of the HPRT1 exon
1. a. We performed paired-end sequencing of amplicons derived from the PRIME-Del -
edited HPRT1 locus to bidirectionally cover the deletion junction and facilitate removal of
PCR duplicates using 15-bp UMI sequences. This revealed recurrent long insertions that
upon inspection appear to be chimeras of the two 3′ flap sequences, with overlap at their
GC-rich ends (highlighted in purple). Shown here is a representative insertion from the
118-bp deletion condition. b-d. Histograms of insertion sequence lengths for HPRT1 118-
bp deletion with Cas9/paired-gRNA (b), HPRT1 118-bp deletion with PRIME-Del (c), or
eGFP 546-bp deletion with PRIME-Del (d). Red vertical lines denote the mean insertion
lengths. e. Same as (a), but representative insertion from the 252-bp deletion condition, also
a chimera of the two 3′ flap sequences, with overlap at their GC-rich ends. f-g. Histogram of
insertion sequence lengths for HPRT1 252-bp deletion with PRIME-Del (f) or Cas9/paired-
gRNA (g). h. Potential mechanism of long insertions with PRIME-Del. GC-rich ends of
3′-flaps of paired pegRNAs (GCCCT in case of 118-bp deletion and CGGC in case of 252-bp
deletion) anneal to one another, or to another GC-rich stretch, resulting in insertion upon
repair.
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Figure 3.10: PRIME-Del efficiency and accuracy depends on homology arm
lengths. a. Paired pegRNAs can be designed with different RT-template lengths, which ef-
fectively alters the homology arm lengths to guide the editing in PRIME-Del. b-c. Deletion
efficiencies from using different homology arm lengths for (b) 118-bp and (c) 252-bp dele-
tions of HPRT1 exon1, normalized to the standard designs (32-bps RT templates; used in
Figure 3.3). Using a non-homologous RT template sequence from making 546-bp deletion
on eGFP (used in Figure 3.1, 3.2; denoted as 30/30 eGFP) does not result in deletion.
d-e. Long-insertion frequency in PRIME-Del from using different homology arm lengths for
(d) 118-bp and (e) 252-bp deletions of HPRT1 exon1, normalized to the standard designs.
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Figure 3.11: Quantifying inversion frequency on native genomic loci a. Schematic
of a sequence inversion event, which is a known error mode in Cas9/paired-gRNA-mediated
deletion. b. Estimated inversion frequencies for different deletions across the genome for
PRIME-Del (left) and Cas9/paired-gRNA (right) methods (n = 3). UMI-based sequencing
assay was used for quantification (except the GC-rich amplicon of FMR1?, where added
DMSO interfered with the UMI-addition reaction). Note that whereas they are observed
for all but one of the Cas9/paired-gRNA-mediated deletions at an appreciable frequency,
virtually no inversions are observed for any of these ten deletions using PRIME-Del.
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Figure 3.12: Pooled deletion using PRIME-Del. a. Cartoon representation of four
deletions programmed within the HPRT1 gene, pooled together for transfection. b. Dele-
tion efficiencies and error frequencies for 3 overlapping-deletions (118, 252 and 469 bps) on
HPRT1 gene using PRIME-Del in HEK293T cells. Three transfection replicates are plot-
ted separately. c. 1064-bp deletion efficiencies compared between single-deletion (left three
wells) and pooled PRIME-Del (middle three wells). Estimated editing efficiencies for 1064-bp
deletion in pooled PRIME-Del are 1.7%, 1.9% and 2.0% for three transfection replicates.
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Figure 3.13: Multiple transfections enhance PRIME-Del efficiency in mono-
clonal HEK293T (PE2) cells. a. Editing efficiencies measured for the 118-bp and 252-
bp deletions at genomic HPRT1 exon 1 using PRIME-Del (paired-pegRNA construct) or
CTT-insertion using prime-editing (single-pegRNA construct), as a function of time after
initial transduction of pegRNA(s). Plasmids bearing paired-pegRNAs and Prime Editor-2
enzyme were transfected 3 times (days 0, 9, 18; highlighted in yellow) into Prime Editor-2
enzyme-expressing HEK293T cells. Error bars represent standard deviation for three repli-
cates. b. Same as (a), but first with integration of pegRNAs to PE2-expressing HEK293T
via piggyBAC transposon system on Day 0 (highlighted in green), followed by two additional
transfections of plasmid bearing Prime Editor-2 enzyme only on Day 9 and 18 (highlighted in
yellow). Error bars represent standard deviation for three replicates. c. Second replicate for
experiment shown in Figure 3.4c, where deletion efficiencies are measured for the 118-bp
and 252-bp deletions at HPRT1 exon 1 using PRIME-Del as a function of time after initial
transduction of pegRNA(s).
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Chapter 4

ENGRAM: MULTIPLEX MOLECULAR RECORDING OF
BIOLOGICAL SIGNALS AND EVENTS

This Chapter is adopted from manuscript under review with minimum changes

Chen, W.?, Choi, J.?, Nathans, J.F., Agarwal, V., Martin, B., Nichols, E., Leith, A., Lee,

C. and Shendure, J., 2021. Multiplex genomic recording of enhancer and signal transduction

activity in mammalian cells. bioRxiv.

Author contribution: Wei Chen designed and performed the experiments with the help

from Junhong Choi, Xiaoyi Li, Wei Yang and Jenny Nathans. Wei Chen analyzed the data.

Wei Chen and Jay Shendure wrote the manuscript.

A back story about ENGRAM: Recording molecular events and signals in cells have long

been my dream since my first day in the Shendure lab. We first started with CRISPR/Cas9

as the writing unit. It works but only records binary information of if certain events hap-

pened before, no quantitative information or order of events were able to be captured by

Cas9. We waited for years until the prime editor came out in 2019. With its precision

and programmable feature, we quickly realized that the prime editor is the ideal molecular

recorder for our purpose. I and Junhong immediately started to work on information encod-

ing using the prime editor. Many ideas are from our late-night discussions and we worked

closely on almost everything. I mainly focused on ENGRAM while he mainly focused on

DNA TICKER TAPE (DTT) and a side journey to Prime-del. We decided to share author-

ships on two of these papers to celebrate our friendship and co-efforts in developing these

tools.
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4.1 Abstract

Measurements of gene expression and signal transduction activity are conventionally per-

formed with methods that require either the destruction or live imaging of a biological sample

within the timeframe of interest. Here we demonstrate an alternative paradigm, termed EN-

GRAM (ENhancer-driven Genomic Recording of transcriptional Activity in Multiplex), in

which the activity and dynamics of multiple transcriptional reporters are stably recorded to

DNA. ENGRAM is based on the prime editing-mediated insertion of signal- or enhancer-

specific barcodes to a genomically encoded recording unit. We show how this strategy can be

used to concurrently record the relative activity of at least hundreds of enhancers with high

fidelity, sensitivity and reproducibility. Leveraging synthetic enhancers that are responsive

to specific signal transduction pathways, we further demonstrate time- and concentration-

dependent genomic recording of Wnt, NF-κB, and Tet-On activity. Finally, by coupling

ENGRAM to sequential genome editing, we show how serially occurring molecular events

can potentially be ordered. Looking forward, we envision that multiplex, ENGRAM-based

recording of the strength, duration and order of enhancer and signal transduction activi-

ties has broad potential for application in functional genomics, developmental biology and

neuroscience.

4.2 Introduction

During development, a modest number of core signaling pathways and gene regulatory

modules are leveraged to program a precise spatiotemporal unfolding of programs of cell

differentiation, proliferation, morphogenesis and tissue patterning[107]. Across species, dif-

ferences in how these conserved pathways and modules are used underlies an incredible

diversity of organismal form and function. Within species, genetic differences and environ-

mental effects are presumed to influence these core modules in specific developmental or

homeostatic contexts, giving rise to both natural phenotypic variation as well as myriad

disease states.
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How do we capture the activity of these pathways and modules? Measurements of gene

expression and signal transduction activity are conventionally performed with methods that

require either the destruction or live imaging of a biological sample. These include RNA

sequencing (RNA-seq), which measures the global transcriptional state of a system; massively

parallel reporter assays (MPRAs), which use sequencing to measure the relative ability of

members of a library of DNA fragments to act as enhancers of transcriptional activity in a

controlled context[108]; and fluorescent probes and reporters, which track the dynamics of

specific signaling pathways in living systems[109].

These classes of methods are remarkably useful and yet limited in key ways. For ex-

ample, with RNA-seq, individual samples provide only static snapshots of cell state, such

that the temporal dynamics of gene expression must be pieced together by inference with

a resolution that is limited by sampling density. Sequencing-based reporter assays are also

destructive and static. Although time-series MPRAs can successfully define the temporal

dynamics of enhancer activity[110], such studies are similarly limited by inference and sam-

pling density. Fluorescent probes and reporters are better positioned to capture temporal

dynamics, but require that the biological system be physically transparent, at least for live

imaging, and are limited in terms of multiplexibility. Overall, there remains a need for a

means of capturing signaling and gene regulatory activity that is at once quantitative, repro-

ducible, non-destructive, multiplexable, applicable to physically opaque biological systems

and capable of integrating large numbers of signals.

DNA is the natural medium for biological information storage, and is easily read through

sequencing. To date, a variety of enzymatic systems have been used to alter primary DNA

sequence in a signal-responsive manner, most prominently site-specific recombinases (SSRs)

and CRISPR genome editing[16]. For example, the Cre SSR is typically expressed under the

control of a signal-specific promoter or enhancer. Cre-mediated recombination at a target

locus excises sequences between pairs of lox sites, resulting in expression of one or multiple

fluorescent reporters[7, 8, 9]. The recording event is irreversible, i.e. the descendants of those

cells in which the DNA rearrangement occurred continue to express the reporter regardless
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of whether the gating regulatory element remains active or not.

CRISPR systems have been used for signal-specific recording in several different ways.

A first class of methods repurpose the CRISPR-Cas spacer acquisition system to log events

or content in prokaryotic systems, e.g. DNA, RNA or metabolites[19, 20, 111, 112, 113].

A second class of systems, including the CAMERA and DOMINO[17, 18] methods, link

the activity of CRISPR base editors to the presence of specific small molecules or signaling

pathway activity, such that observed base edits serve to irreversibly record those signals.

Although pioneering, these systems are fundamentally limited with respect to multiplexi-

bility – that is, the number of independent signals that can be recorded at once. In examples

that have been demonstrated to date, enhancers are used to selectively drive the enzyme

that mediates an alteration in DNA sequence or limited transcription repression elements

are used to drive the gRNA expression in response to signals. In this framing, each signal

requires its own enzyme or repression element, and it is difficult to imagine how more than a

handful of independent signals could be concurrently recorded within the same cell or pop-

ulation of cells, let alone how extensive, concurrent recording of large numbers of biological

signals could be achieved throughout the development of a multicellular organism.

Another challenge for the current recording systems is reading out. In current Cas9/Base

editor based recording systems, single guide RNAs (sgRNAs) program the location of editing

but not the edit itself. As such, each sgRNA would require its own target, making it difficult

to read out all targets at once. This challenge has been partially solved with paired sgRNA-

target[24, 114, 23, 115] or homing gRNA (hgRNA) or self-targeting gRNA (stgRNA)[116,

117], but still has limited compatibility with recent development of RNA-seq. (See summary

in Table 4.1). An ideal recorder should be able to simultaneously record multiple signals

and read them out with either DNA amplicon or RNA sequencing.

Here we describe a new framework for multiplex transcriptional recording, which we term

ENGRAM (ENhancer-driven Genomic Recording of transcriptional Activity in Multiplex).

In brief, ENGRAM relies on enzymatic release[118, 119, 120, 121] of prime editing guide

RNAs (pegRNAs)[122] from synthetic transcripts driven by cis-regulatory-element (CRE)-
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coupled Pol-II promoters. Each pegRNA programs the insertion of a specific barcode to

a genomically-encoded recording locus (DNA Tape). Because each CRE is coupled to a

distinct pegRNA-encoded insertion, multiple ENGRAM recorders can operate in parallel,

all relying on the same prime editing enzyme and all competing to write to the same DNA

Tape, which can be read out at either the DNA or RNA level. Of note, ENGRAM is the

hypothetical memory storage unit in the brain. We would like to use this as the memory

storage in cells too.

4.3 Results

4.3.1 Development and evaluation of ENGRAM

An ideal DNA-based transcriptional recorder would log the production of specific tran-

scripts, cis-regulatory activities and/or signal transduction pathways, via specific changes

to the primary sequence of a genomic recorder locus. In seeking to develop a DNA-based

recorder for mammalian systems, we were inspired by reporter assays, an established ap-

proach wherein a cis-regulatory element (CRE) of interest is positioned upstream of a min-

imal promoter (minP) and reporter gene (e.g. luciferase). Reporter assays are amenable to

extensive multiplexing, as the reporter can include a transcribed barcode that is linked to the

CRE, resulting in the MPRA[123]. However, as noted above, MPRAs depend on targeted

RNA-seq of the barcodes, which is destructive and static. Nonetheless, we reasoned that

the basic MPRA architecture, i.e. a library of synthetic or natural enhancers positioned

upstream of a minimal promoter, might be coupled to the expression of a library of writing

units, in the form of pegRNAs (Figure 4.1a). Specifically in ENGRAM, each CRE is linked

to a pegRNA encoding a specific insertion to a common DNA TAPE.

One challenge to this scheme is that in order to be appropriately processed, transcripts

for most translated genes, including CRE-minP-driven reporter transcripts, are made by

RNA polymerase II (Pol-2), whereas small untranslated RNAs, including guide RNAs, are

made by RNA polymerase III (Pol-3). To address this, we leveraged the CRISPR endori-
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bonuclease Csy4 (also known as Cas6f), which recognizes and cuts at the 3′ end of 17-bp

RNA hairpins (csy4 )[118, 119, 120, 121]. Expression of Csy4, together with CRE-activity-

dependent expression of csy4 -pegRNA-csy4, should result in a liberated functional pegRNA

(Figure 4.1a).

We first developed ENGRAM 1.0, in which csy4 -pegRNA-csy4 is embedded within the

3′ untranslated region (UTR) of a GFP transcript and the Csy4 is constitutively expressed

(Figure 4.5a). To benchmark the activity of pegRNAs released from Pol-2 transcripts,

we compared an ENGRAM 1.0 recorder driven by a constitutive Pol-2 promoter (PGK)

to a conventional, U6-driven pegRNA. In both cases, the pegRNAs target the endogenous

HEK293 target 3 (HEK3 ) locus and are designed to insert three nucleotides (CTT)[122].

These constructs were separately transiently transfected to monoclonal HEK293T cells con-

stitutively expressing Prime-Editor-2 (PE2) and Csy4. Five days after transfection, we

harvested genomic DNA, and then PCR amplified and sequenced the HEK3 locus. We

observed comparable, reproducible efficiencies of CTT insertion between the ENGRAM 1.0

and U6 recorders (mean 5.9% and 5.3% across three replicates, respectively; Figure 4.5b).

Next, we replaced the constitutive PGK promoter with a CRE-minP architecture, in which

thirteen 170-bp sequences with known enhancer activity in K562 cells were selected[123] We

compared the editing efficiency of the pool of enhancer-driven recorders vs. a pool of nega-

tive controls (minP with no upstream enhancer) via their transient transfection to K562 cells

constitutively expressing both PE2 and Csy4. We successfully recorded enhancer-activated

barcode insertions with a collective efficiency of 3.9%, 1.93-fold higher than the editing ef-

ficiency of pegRNAs driven by minP alone (Figure 4.5c). Overall, these results suggest

that ENGRAM-based recording can work. However, the signal-to-noise ratio was consider-

ably more modest than we had hoped for. We speculated that this was due in part to the

accumulation of background edits due to constitutive expression of Csy4.

To reduce the background accumulation of edits to the DNA Tape, we designed a new

ENGRAM architecture in which the GFP ORF is replaced by Csy4 ORF, and Csy4 is

no longer constitutively expressed (Figure 4.1b, Figure 4.5d). In this recorder design,



93

termed ENGRAM 2.0, the expression of Csy4 and the pegRNA are both dependent on

enhancer activity. To evaluate whether these modifications reduce background recording,

we tested ENGRAM 1.0 vs. 2.0 in the absence of any enhancer, i.e. minP alone driving

peg5N. Transiently co-transfecting these constructs into HEK293T cells with either PE2-

Csy4 plasmid (for ENGRAM 1.0) or PE2 plasmid (for ENGRAM 2.0) in triplicate, we

indeed observed a 2.8-fold reduction in background recording with ENGRAM 2.0 relative

to ENGRAM 1.0 (mean 1.4% for ENGRAM 1.0 → 0.5% for ENGRAM 2.0, 3 days post-

transfection) (Figure 4.5e).

Towards further reducing background, we designed two additional recorders: 5′ EN-

GRAM 2.0, in which the csy4 hairpin-flanked pegRNA is embedded within the 5′ (rather

than 3′) UTR of the Csy4 transcript; and 3′-FT ENGRAM 2.0, which contains an additional

csy4 hairpin in its 5′ UTR to create auto-regulatory negative feedback loop on Csy4 levels

(Figure 4.2b). We first measured the background recording activity by integrating them

into HEK293T cells expressing PE2 (PE2(+) HEK293T) cells via piggyBAC. The 5′ EN-

GRAM 2.0 and 3′-FT ENGRAM 2.0 recorders respectively exhibited 12-fold and ¿100-fold

reductions in background activity, relative to 3′ ENGRAM 2.0 (10 days post-transfection;

Figure 4.1c). Of note, for all three of these integrated ENGRAM 2.0 recorders, the level

of background recording plateaued after several days (Figure 4.1c). This suggested to us

that the accumulation of background recording events mostly occurs shortly after trans-

fection, potentially due to ORI-driven, plasmid-mediated transcription28,29, rather than

minP-driven transcription from integrated recorders. However, some degree of accumula-

tion persisted with the 3′ ENGRAM 2.0 recorder, suggesting an additional component of

genomically driven background activity. We then measured their responsiveness to enhancer

activation by placing a NF-κB responsive element (activated by TNFα) in the upstream of

the minP. All three recorders with NF-KB responsive element are integrated into PE2(+)

HEK293T cells via piggyBAC. We measured their recording activity in the absence or pres-

ence of the ligand TNFα. We observed 1.4, 13.3, 23.8 fold activation for 3′, 5′ and 3′-FT

recorders, respectively (Figure 4.1d). Although the 3′-FT design exhibited the lowest back-
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ground activity, and highest activation response to enhancer activation, we moved forward

with the 5′ ENGRAM 2.0 design because its organization facilitates straightforward pairing

of CREs and pegRNA-mediated insertions during cloning. Unless specified, ENGRAM in

the paper specifically refers to ENGRAM 2.0 5′ architecture.

From above recording data, we observed different efficiency for 5N barcodes. To sys-

tematically analyze the editing efficiency bias, we cloned an ENGRAM recorder with pe-

gRNA targeting HEK3 locus to install 5N degenerate insertion driven by a PGK promoter

(Figure 4.1e). We transiently transfected PE2(+) HEK293T cells and measured record-

ing efficiency at 3 days post transfection. Overall, we observed 1,023 of 1,024 all possible

5-bp insertions at the HEK3 locus with highly reproducible frequencies (Figure 4.1f, Fig-

ure 4.5a-c). After normalizing for their abundance in the plasmid pool and removing

under-represented barcodes, we observed 948 5-mers with balanced insertional efficiencies,

with 91% falling within a 4-fold range (Figure 4.1g). We suspected that heterogeneity

in insertional efficiencies might be a consequence of the influence of the 5-mer on pegRNA

secondary structure. Consistent with this, the least efficient 5-mer is predicted to pair with

the spacer sequence to form a more stable secondary structure, while the most efficient 5-mer

insertion does not (Figure 4.5d, e). To ask whether we could predict insertional bias, we

performed linear lasso regression with 84 binary sequence features and 1 secondary struc-

tural feature (minimum free energy (MFE), Methods). The resulting model was reasonably

accurate, with MFE emerging as the most predictive feature (Figure 4.1h, Figure 4.5f,

g). For subsequent experiments shown in this paper, we rigorously controlled for this bias

by picking barcodes with more balanced insertion efficiency.

During the development of ENGRAM, two studies showed that engineered pegRNA (epe-

gRNA, with tevoPreQ1 hairpin)[124] and new prime editor architecture (PEmax)[125] can

improve the editing efficiency. To improve ENGRAM recording efficiency, we tested both

epegRNA and PEmax in the context of 5′-ENGRAM. We transiently transfected PE2(+)

HEK293T cells with pegRNA and epegRNA encoding a 5N insertion, both driven by PGK

promoter, and measured their recording efficiency at 3 days post transfection. Surprisingly,
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we observed a slightly lower efficiency in epegRNA than pegRNA (16.6% vs 22.2% in epe-

gRNA and pegRNA, respectively, ∼30% lower. Figure 4.7a). We reasoned that the csy4

hairpin might serve a similar role as tevoPreQ1 to protect pegRNA from degradation, addi-

tional hairpin to csy4 might disrupt RNA folding. We co-transfected PE2 or PEmax with

PGK-5N and measured their editing efficiency at 3 days post-transfection. We observed a

1.7 fold increase in editing efficiency with PEmax (Figure 4.7b). We would recommend

using PEmax for all future ENGRAM recording experiments. With 5′ ENGRAM, we also

tested if tRNA[126] can be an alternative pegRNA processing architecture for ENGRAM.

We replaced csy4 hairpin with tRNA and measured their recording activity. However, we

don't see any edits with tRNA-ENGRAM.

4.3.2 Multiplex recording of enhancer activity with ENGRAM

With sensitive and robust 5′-ENGRAM, we next sought to test if ENGRAM can work

as traditional MPRA. We cloned enhancer libraries to the upstream of minP in the 5′-

ENGRAM construct and integrated them into PE2+ K562 cells. The pegRNA is targeting

the HEK3 locus and encoding a 5-bp or 6-bp short insertion. Thus, enhancer activity can

be recorded on either endogenous DNA TAPE (genomic HEK3 locus, 2 copies) or synthetic

DNA TAPE (piggyBac integrated HEK3 locus, 10-30 copies). The abundance of barcodes

in DNA TAPE is compared to the barcode abundance in pegRNA (Figure 4.2a). We first

cloned a pair of 170-bp sequences previously shown to have either high vs. minimal enhancer

activity in K562 cells[123] upstream of minP, together with minP-only and promoter-less

constructs (Figure 4.2b). Each of these four constructs drove pegRNAs encoding two

distinct 5-bp insertions. An equimolar mixture of these 8 recorder plasmids was introduced

via piggyBAC integration into PE2+ K562 cells in triplicate. At five days post-transfection,

3.14% of endogenous HEK3 target sites were edited, but ∼90% of inserted barcodes were

associated with the active enhancer (Figure 4.2b). Of note, the 17.3-fold difference in

recorded insertional frequency between the active and inactive enhancer roughly matched

the 15-fold difference between them measured by MPRA[123].
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To more generally evaluate whether the enhancer activities recorded by ENGRAM are

quantitatively comparable to corresponding measurements made by MPRA, we cloned 300

enhancer fragments[123] to the 5′ ENGRAM construct, each driving a pegRNA encoding a

unique 6-bp insertion(Figure 4.2g). Five days after introducing these recorders via piggy-

BAC to PE2-expressing K562 in triplicate, we separately recovered, amplified and sequenced

the HEK3 locus (from DNA, both endogenous locus and synthetic locus) or the transcribed

barcode itself (from RNA). From DNA, we observed an overall editing efficiency of 3.08%

and 1.76% for endogenous and synthetic HEK3 locus, respectively (Figure 4.8a), and re-

covered 292 of 300 barcodes. We sampled various depths (6,000, 12,000, 24,000, 48,000,

96,000 cells) on both endogenous and synthetic HEK3 locus and compared their recording

efficiency and sensitivity. Overall, the enhancer activity recorded on endogenous and syn-

thetic DNA TAPE are highly correlated (Figure 4.8b). With 15 copies of synthetic DNA

TAPE in the genome, we are able to record 300 enhancer activity with as little as 12,000

cells with reasonable capture efficiency and reproducibility (Figure 4.8c, d). We recom-

mend having at least 100 cells/enhancer for robust enhancer activity recording. We reasoned

that with improved recording efficiency, this number can be lower. Both RNA and DNA-

based measurements were highly consistent between transfection replicates (Figure 4.6e, f).

Furthermore, we observed a strong correlation between the recorded activities (ENGRAM;

DNA) and the directly measured activities (MPRA; RNA), indicating that the relative tran-

scriptional activities of enhancer reporters can be quantitatively recorded to genomic DNA

(Figure 4.2c).

4.3.3 Quantitative recording of signaling pathway activation or small molecule exposure with

ENGRAM

We next sought to ask whether ENGRAM could be used to record the intensity or

duration of signaling pathway activation or small molecule exposure. For this, we selected

several signal-responsive regulatory elements: the Tet Response Element (TRE; activated by

doxycycline)[127], a NF-κB responsive element (activated by TNFα)[128], and a TCF-LEF
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responsive element (Wnt signaling pathway; activated by CHIR99021)[129], each previously

used to drive fluorescent reporters in a signal-responsive manner ( Table 4.2). These signal-

responsive sequences were cloned upstream of minP within 5′ ENGRAM 2.0 recorders, with

each driving expression of a pegRNA encoding one or two specific insertions to the endoge-

nous HEK3 locus (Figure 4.3a). The three recorders were separately integrated into the

genomes of PE2(+) HEK293T cells via piggyBAC in triplicate (for the doxycycline recorder,

constitutively expressed reverse tetracycline-controlled transactivator (rtTA) was integrated

separately). A 2-fold dilution series of doxycycline, TNFα or CHIR99021 (for CHIR99021

we tested more concentration around 1-4 µM) was added to the media of the cell lines into

which the relevant recorder had been integrated, and genomic DNA was harvested 48 hours

after the onset of exposure.

For all three signal-responsive ENGRAM recorders, editing rates at the HEK3 locus

exhibited a strikingly sigmoidal dependence on the log-transformed concentration of the

corresponding stimulant (Figure 4.3b-d). This was particularly the case for the Wnt sig-

naling, wherein the corresponding recorder exhibited nearly switch-like behavior across an

approximately four-fold range of CHIR99021 concentration (Figure 4.3d). As with pre-

vious experiments, each ENGRAM recorder exhibited minimum non-accumulating, basal

recording even in the absence of signal exposure (0.1-0.2%; Figure 4.9a), potentially due to

ORI-driven, plasmid-mediated transcription[130, 123] shortly after transfection, as discussed

above. We observed a dynamic range in editing efficiency between background vs. maxi-

mal stimulation of 11.5-fold, 19.0-fold and 22.6-fold for the Tet, NF-κB and Wnt recorders,

respectively (Figure 4.3e).

To explore the dependence of ENGRAM on not only the intensity of signals but also

their duration, we performed a matrix experiment on the NF-κB and Wnt recorders, varying

stimulant concentration as previously but also varying the duration of exposure from 6 to

48 hours (2 recorders x 8 concentrations x 8 durations x 3 replicates = 384 conditions;

Figure 4.3f-g). In this experiment, each batch of cells was harvested 24 hours after the

removal of stimulants from the media. In the resulting levels of editing, the dependency



98

of the NF-κB and Wnt recorders on both the intensity and duration of stimulation was

immediately evident (Figure 4.3f-g). For both recorders, even 6 hours of stimulation was

sufficient to observe signal in excess of background. However, the NF-κB recorder appeared

to exhibit faster kinetics than the Wnt recorder (Figure 4.9 b-c).

4.3.4 Multiplex recording of signaling pathway activity with ENGRAM

We next sought to introduce multiple ENGRAM recorders for different signaling path-

ways into a single population of cells, to evaluate whether they could be used together, i.e.

competing to write to a shared DNA Tape (Figure 4.3h). In brief, constructs corresponding

to the TetON, NF-κB and Wnt recorders were mixed at an equimolar ratio and co-integrated

to PE2(+) HEK293T cells. Each recorder drives pegRNA(s) encoding the insertion of one

or two distinct, signal-specific barcodes ( Table 4.2). These cells were exposed to a high

concentration of all possible combinations of 0 to 3 stimuli, in triplicate (8 on/off stimulus

combinations x 3 replicates = 24 conditions). Harvesting cells after 48 hours of stimulation,

we performed PCR amplification and sequencing of the shared DNA tape. As predicted,

the abundances of signal-specific barcodes were highly dependent on the precise combina-

tion of stimuli applied (Figure 4.3i). Put another way, we observed minimal cross-talk,

consistent with the orthogonality of these signaling pathways to one another (Figure 4.9d).

To push this system further, we performed a separate experiment in which populations of

cells bearing all three recorders were exposed to all possible combinations of low, medium

or high concentrations of each stimulus (3 concentrations 3stimuli× 3 replicates = 81 condi-

tions). Once again harvesting cells after 48 hours and reading the DNA Tape, we observe

that signal-specific barcodes are introduced at rates correlated with the concentration of the

corresponding stimulus (Figure 4.3j, Figure 4.9), further supporting the conclusion that

these recorders are able to capture quantitative information on separate channels despite

writing to a shared DNA Tape.
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4.3.5 Capturing the order in which ENGRAM recorders are active

In the context of a multiplex signal recorder, it is obviously of interest to capture not only

the intensity and duration of individual signals, but also the order in which they are active

relative to one another. To this end, we devised ENGRAM 2.0 recorders that each comprise

an operon of multiple, csy4 hairpin-flanked pegRNAs, each designed to program insertional

edits but in a manner that depends on whether other edits had (or had not) already occurred.

For example, in the simplest version of this scheme, we might want to map the order of two

signaling events, A and B (Figure 4.4d). For this goal, an A-responsive recorder would

encode a first pegRNA that that wrote an A-specific barcode to blank DNA Tape a., but

also a second pegRNA that only targeted an already B-edited DNA Tape with a different

barcode (A'). Meanwhile, a B-responsive recorder would encode a first pegRNA that that

wrote an B-specific barcode to blank DNA Tape b., but also a second pegRNA that only

targeted an already A-edited DNA Tape with a different barcode (B').

To test this concept, we cloned ENGRAM 2.0 recorders encoding AA' or BB' pegRNA

operons, each driven by the constitutive PGK promoter. We then performed a series of trans-

fection programs in which either both A & B were introduced simultaneously (1 program),

only A or B was introduced (2 programs), or the recorders were serially transfected (A→B

or B→A) with the recovery time between transfections varying between 8 and 72 hours

(8 programs) (Figure 4.4e). These experiments were performed in triplicate in PE2(+)

HEK293T cells, with harvesting, amplification and sequencing of the DNA Tape at five

days after the first transfection (11 programs × 3 transfection replicates = 33 conditions)

(Figure 4.8c). As predicted, and provided there were 24+ hours of recovery between trans-

fections, we observed grossly different ratios of AB'/BA' edits for (A→B) vs. (B→A) pro-

grams (Figure 4.4f, Figure 4.8d), indicating that the general scheme is compatible with

the recovery of information about the order in which ENGRAM 2.0 recorders are active.



100

4.4 Discussion

Here we describe ENGRAM, a new strategy for multiplex, DNA-based signal recording,

wherein each biological signal of interest is coupled to the Pol-2-mediated transcription of

a specific guide RNA, whose expression then programs the insertion of a signal-specific

barcode to a genomically encoded DNA Tape. As DNA is stable, recorded signals can be

read out at any subsequent point in time, e.g. by DNA sequencing or, potentially, even

by DNA FISH. A key strength of ENGRAM is its multiplexibility. For example, with the

5-bp or 6-bp insertions used here, thousands of distinct biological signals can potentially be

recorded within the same cell, all competing to write to a shared DNA Tape. We demonstrate

this multiplexibility by showing that analogous to an MPRA, ENGRAM can be applied to

concurrently and quantitatively capture the activity of hundreds of enhancers. However,

unlike an MPRA, these activities are recorded in the relative abundances of the corresponding

insertional barcodes in DNA, rather than being measured from active transcription.

In metazoans, a modest number of core signaling pathways are leveraged to give rise to

developmental and functional complexity. To demonstrate how ENGRAM can be applied to

record the activity of core signaling pathways, we used Wnt and NF-κB-responsive regulatory

elements to drive pegRNAs that write to DNA Tape in a quantitative, specific, signal-

responsive manner. We further showed how both the intensity and duration of pathway

stimulation contribute to observed levels of recording. We also built and characterized a

recorder for Tet-On, highlighting the potential of ENGRAM to be used in conjunction with

heterologous signal transduction systems. In a multiplex implementation of these three

recorders, there was minimal cross-talk, consistent with the expected orthogonality of these

signaling pathways to one another.

Finally, we demonstrated a variant of the ENGRAM method in which the recorder com-

prises an operon of multiple pegRNAs, which are designed to either program or restrict

successive edits to the DNA Tape. The resulting pattern of insertional edits allows us to

infer the temporal order in which the recorders were activated. Of note, in parallel to this
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work, we developed a different strategy for pseudo-processive genome editing called DNA

Ticker Tape[131]. In principle, ENGRAM and DNA Ticker Tape are compatible. For the

goal of multiplex, temporally resolved recording of core signaling pathway activity over ex-

tended periods of time, the combination of ENGRAM and DNA Ticker Tape may be more

powerful than the ENGRAM variant described here.

A number of limitations remain to be addressed. First, as our initial attempts to imple-

ment ENGRAM exhibited poor signal-to-noise, we sought to reduce background recording

by various means, including by expressing Csy4 as part of the recorder, by introducing

auto-regulatory negative feedback on Csy4 levels, by integrating recorder constructs to the

genome, and by blocking editing with non-targeting pegRNAs during the post-transfection,

pre-integration window. Although these strategies were successful, we imagine that further

improvements to signal-to-noise might derive from: 1) integrating these and other back-

ground reduction strategies; 2) general improvements to prime editing efficiency[125]; and 3)

optimization of the specificity of signal-responsive CREs.

Second, here we have only demonstrated ENGRAM recorders for a few hundred enhancer

fragments, along with two core (Wnt, NF-κB) and one heterologous (Tet-On) signaling

pathway. Looking forward, we envision that many additional such signal-specific recorders

can be constructed, validated and optimized. In addition to core signaling pathways, one can

also imagine ENGRAM recorders for specific electrical and chemical signals. For pathways

for which a signal-responsive, synthetic enhancer is unknown or may not exist, heterologous

signal conversion machinery can potentially be constructed and introduced along with the

recorder, as we did for Tet-On. Finally, we envision that a set of cell type-specific recorders

based on developmental enhancers can be constructed to facilitate recording of the identity

of cells' ancestors.

Third, ENGRAM recorders write to a shared DNA Tape (or DNA Ticker Tape), but

each unique recorder is presently ∼1.3 Kb. As such, although transient transfection of a

pool of hundreds to thousands of ENGRAM recorders is straightforward, it is more difficult

to imagine how dozens or hundreds of recorders can be concurrently integrated to the genome.
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However, we envision that as additional signal-specific recorders are designed and validated,

they can be consolidated to a single recorder locus, which can then serve as a common reagent

for the multiplex recording of dozens of biological, chemical and electrical signals of interest.

Finally, the deconvolution of ENGRAM signals, especially when recorded to DNA Ticker

Tape, will undoubtedly pose some interesting algorithmic challenges. For example, here we

show how both the duration and intensity of a signal can contribute to the overall editing

rate of a given ENGRAM recorder. If we now imagine recording multiple, fluctuating signals

in the context of a dividing and differentiating population of cells, how can we effectively

and accurately deconvolve their dynamics?

In summary, ENGRAM is a method for recording specific biological signals to the genome.

It is general – any signal that can be converted to Pol-2 mediated transcription can be used

to construct an ENGRAM recorder. It is multiplexable – by coupling specific signals to

specific insertions, the number of signals that can be encoded grows exponentially with the

insertion length. It is quantitative – the strength or duration of signals, and potentially

both, can be recorded and recovered. Particularly if combined with DNA Ticker Tape, we

envision that ENGRAM can be applied as a means of enriching DNA-based recordings of

cellular histories, across state, space and time.

4.5 Materials and Methods

4.5.1 Cell culture, transient transfections and piggyBAC integrations

HEK293T cells (CRL-11268) and K562 cells (CCL-243) were purchased from ATCC.

HEK293T cells and K562 cells were cultured in DMEM High glucose (GIBCO) and RPMI

1640 medium (GIBCO), respectively, supplemented with 10% Fetal Bovine Serum (Rocky

Mountain Biologicals) and 1% penicillin-streptomycin (GIBCO). Cells were grown with 5%

CO2 at 37◦C.

For transient transfections, 1 x 105 cells were seeded on a 24-well plate a day before trans-

fection and were transfected with 500 ng plasmid using Lipofectamine 3000 (ThermoFisher
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L3000015) following the manufacturer's protocol.

For integrations mediated by the piggyBAC transposon, 1 x 105 cells were seeded on

a 24-well plate a day before transfection and then transfected with 500 ng cargo plasmid

and 200 ng Super piggyBAC transposase expression vector (SBI) using Lipofectamine 3000

following the manufacturer's protocol. Monoclonal lines expressing PE2 were constructed

by sorting single cells into 96 wells and selected based on prime editing efficiency.

Most ENGRAM recorders tested in this study were integrated into monoclonal PE2(+)

HEK293T cell line via the piggyBac transposon method described above. Of note, for

doxycycline recorders, an extra integration was performed to introduce reverse tetracycline-

controlled transactivator (rtTA), which is activated by doxycycline and binds to the tetra-

cycline response element to activate downstream recorder expression. For recorders co-

transfected with blocking pegRNA plasmid, 200 ng plasmid was added to the 500 ng cargo

plasmid and 200 ng piggyBac transposase plasmid.

For ligand recording experiments, 1 x 105 cells were seeded on a 48-well plate 6h prior

to treatment. 1 ml medium with ligand or negative control was added to each well. For the

time series experiment, cells were washed with warm medium and were harvested 24 hours

after ligand removal. Doxycycline hyclate (Dox; Sigma-Aldrich D9891) was reconstituted in

1X Phosphate Buffer Solution (PBS) to the final concentration of 10 mg/mL. TNFα (R&D

systems, 210-TA-020/CF) was reconstituted in 1 ml PBS to make a 20 µg/ml stock. CHIR-

99021 (Selleck, S2924) was purchased as 10 mM stock (1 ml in DMSO). All ligands were

stored at −20◦C. Ligands were thawed immediately before experiments, and diluted with

the appropriate culturing medium. The same volume of DMSO or PBS was added to the

medium as a negative control.

4.5.2 Library Cloning

The pegRNA-5N recorder (including ENGRAM 1.0, and all three variants of ENGRAM

2.0) was cloned with two steps. First, gene fragment containing CTT pegRNA (Addgene

#132778) was PCR amplified using primer sets adding 5-bp degenerate barcode and flanking
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BsmBI site for the downstream cloning steps. A carrier plasmid containing two BsmBI sites

and two csy4 hairpins was ordered from Twist. Carrier plasmid and the PCR product from

the last step were digested with BsmBI (NEB, buffer 3.1) at 55◦C for 1h and were purified

for ligation. The complete pegRNA with 5N degenerate barcode and csy4 hairpins was PCR

amplified from the ligation product. ENGRAM plasmid and PCR product from above were

digested with BsmBI (NEB, buffer 3.1) at 55◦C for 1h and purified for ligation. Ligation

products were purified and resuspended with 5ul H2O for electroporation. Electroporation

was performed using NEB 10-beta Electrocompetent E. coli (C3020) with manufacturer's

protocol. Transformed cells were cultured at 30◦C overnight.

The libraries of 300 enhancers or plasmids bearing signal-responsive elements were cloned

in two steps. First, oligos containing enhancer/CRE, two BsmBI restriction site, barcode, 3′

end of pegRNA and csy4 hairpin were ordered as oPools from IDT. 5′-ENGRAM 2.0 recorder

was digested with Xbal and Ncol (NEB, CutSmart buffer) at 37◦C for 1h and purified.

Oligos were cloned into the 5′-ENGRAM2.0 recorder using Gibson assembly. Second, a gene

fragment containing minP, csy4 hairpin, HEK3 spacer sequence and pegRNA backbone

flanking with two BsmBI sites were ordered as gBlock from IDT. gBlock and construct from

step1 were digested with BsmBI (NEB, buffer 3.1) at 55◦C for 1h to generate compatible

sticky ends and were purified for ligation. Ligation products were transformed into Stable

Competent E.coli (NEB C3040). Transformed cells were cultured at 30◦C overnight.

All PCR and digestion purification were purified with AMPure XP beads (0.6x for plas-

mids and 1.2x for fragments with size 200-300 bp) using manufacturer's protocol unless

specified. All ligation reactions were using Quick ligase (NEB) with vector:insert ratio 1:6

unless specified. All Gibson reactions were using NEBuilder (NEB) with vector:insert ratio

1:6 unless specified. All plasmid DNA was prepared using a ZymoPURE II Plasmid Kit.

4.5.3 Sequencing Library Generation

Genomic DNA was extracted using protocol as follows: Wash harvested cells with PBS,

add 200 µL of freshly prepared lysis buffer (10 mM Tris-HCl, pH 7.5; 0.05% SDS; 25 µg/ml
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protease (ThermoFisher)) per 0.5-1M cells directly into each well of the tissue culture plate.

The genomic DNA mixture was incubated at 50◦C for 1 h, followed by an 80◦C enzyme

inactivation step for 30 min.

For each reaction we used 2 µL of cell lysate, 0.25 µL 100mM forward and reverse primer

sets, 22.5 µL H2O and 25 µL Robust HotStart ReadyMix 2x (KAPA Biosystems). PCR

reactions were performed as follows: 95◦C x 3 mins, 22 cycles of (98◦C x 20 seconds, 65◦C x

15 seconds and 72◦C x 40 seconds). The resulting PCR product was then size-selected using

a dual size-selection cleanup of 0.5x and 1x AMPure XP beads (Beckman Coulter) to remove

genomic DNA and small fragments (¡200 bp) respectively. This size-selected product was

subsequently re-amplified to add flow-cell adapter and sample index for 5 cycles. The final

PCR product was cleaned with 0.9x AMPure XP beads (Beckman Coulter). The library

was sequenced on an Illumina NextSeq 500 sequencer, an Illumina Miseq sequencer, or an

Illumina NextSeq 2000 sequencer following manufacturer's protocol.

4.5.4 Sequence processing pipeline

Sequences were first aligned to HEK3 target reference using Burrows-Wheeler Aligner

software (bwa) with default settings. Aligned reads were then parsed and analyzed for

insertion editing efficiencies using pattern-matching functions. For the pool of hexamer

barcodes used for enhancer recording, as well as the pentamer barcodes used for signal

responsive recording, barcode sequences were chosen to have a Hamming Distance of greater

than 2 from all other members of the same set. After extracting barcode sequences from the

aligned reads, unexpected barcodes within 1 Hamming Distance from the expected sequences

were corrected for insertion counts.

4.5.5 RNA structure prediction and editing score prediction

RNA structure and minimal free energy prediction was performed using the NUPACK

python package[132] with default settings. Linear lasso regression model to predict editing

score of 5bp barcodes was trained using scikit-learn python package. We defined 85 features
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to characterize the 5-bp sequence for which the insertional efficiency is being predicted. These

were: 1) Sequence features: 84 binary features corresponding to one-hot encoded sequence,

including 20 for single nucleotide content (4 nucleotides * 5 positions) and 64 for dinucleotide

content (16 dinucleotides * 4 positions); 2) Structure feature: rescaled minimum free energy

within range (0,1). Samples were split with 724 barcodes in a training set and 300 barcodes

in a test set. The model was trained with 10-fold cross validation on the training set, and

then used to predict the test set.
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4.6 Figures and Tables
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Figure 4.1: ENhancer-driven Genomic Recording of transcriptional Activity
in Multiplex (ENGRAM). a. Schematic of ENGRAM. Endogenous or synthetic cis-
regulatory elements (CREs) drive activity-dependent transcription of a prime editing guide
RNA (pegRNA) encoding a CRE-specific insertion. pegRNA is flanked by two 17bp csy4
hairpin and can be released from pol-2 transcript by Csy4 ribonuclease. Endogenous CREs
are sequences with enhancer activity measured by MPRA. Synthetic CREs are tandem re-
peats of TF motifs. The insertion is written to a natural or synthetic recording site within
genomic DNA (DNA Tape). Thus the signal is stored as barcode in the DNA Tape for
further readout. b. Three versions of ENGRAM 2.0 with the csy4 hairpin-flanked pegRNA
embedded in the 5′ or 3′ UTR of a transcript encoding Csy4, or 3′ ENGRAM 2.0 with an ad-
ditional csy4 hairpin in the 5′ UTR in order to impose auto-regulatory negative feedback on
Csy4 levels. c. All three ENGRAM 2.0 recorders were integrated via piggyBAC into PE2-
expressing cells in triplicate, each driving 1,024 5N barcodes with minP. The background
editing efficiency was periodically checked over 20 days. Error bars correspond to standard
deviations across 3 transfection replicates. d. NF-κB response element is cloned to up-
stream of minP in all three ENGRAM 2.0 recorders. NF-κB responsive ENGRAM recorders
were integrated via piggyBAC into PE2-expressing cells. Recording activity was measured
in the absence or presence of 10ng/ml of TNFα in triplicate. Both 5′-ENGRAM and 3′-
FT ENGRAM showed low background activity and strong activation in response to NF-κB
activation, while 3′-ENGRAM showed high background and limited activation. Error bars
correspond to standard deviations across 3 replicates. P-values were obtained using the two-
tailed Student's t-test. e. Schematic of 5N barcode recording. pegRNA encoding degenerate
5N is cloned into 5′-ENGRAM architecture and driven by a PGK promoter. f. Log-scaled
insertion proportions (calculated as the proportion of edited HEK3 sites with a given inser-
tion) are highly correlated between transfection replicates. g. Range of editing scores (ES)
for 5N insertions. ES are calculated as (genomic reads with specific insertion/total edited
HEK3 reads)/(plasmid reads with specific insertion/total plasmid reads), plotted here in
rank order on a log2-scale. A total of 948 of 1024 all potential 5N barcodes were recovered
after removing under represented barcodes. A few of the highest and lowest ranked insertions
are highlighted (sequences shown are those observed in DNA Tape, which are the reverse
complement of sequences in pegRNAs). h. A linear lasso regression model trained on these
data with one-hot encoded single and dinucleotide content of the 5-mer and MFE of sec-
ondary structure as features predicts insertional efficiencies with reasonably high accuracy.
Samples were split with 680 barcodes in a training set and 268 barcodes in a test set. The
model was trained with 10-fold cross validation on the training set, and then used to predict
the test set.
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Figure 4.2: Recording enhancer activity with 5′ ENGRAM recorders. a.
Schematic of enhancer recording. Enhancer library is cloned to upstream of a minP in
5′-ENGRAM recorders and integrated into PE2+ K562 cells using piggyBac. Enhancer
activity can be recorded to endogenous DNA TAPE (genomic HEK3 locus, n=2) or syn-
thetic DNA TAPE (HEK3 locus integrated into the genome via piggyBac, n=10-30). b.
Benchmarking of ENGRAM with enhancers with known activities in a reporter assay. 5′-
ENGRAM recorders with active and inactive enhancers upstream of a minP, together with
minP-only and promoter-less constructs, were cloned, each driving expression of distinct
pegRNA-encoded barcodes. c. Barcodes corresponding to the active enhancer showed 17.3,
18.3, and 22.5 fold more abundance than inactive enhancer, minP and promoter less control,
respectively. Error bars correspond to standard deviations from 3 transfection replicates.
Error bars correspond to standard deviations across 3 transfection replicates. P-values were
obtained using the two-tailed Student's t-test. d, e. Further benchmarking of ENGRAM 2.0
with 300 enhancers known to have a range of activities in a reporter assay. d. This library
was designed such that each enhancer drove expression of a distinct pegRNA-encoded 6-mer
insertional barcode. e. Values correspond to the proportion of each barcode read out from
the HEK3 genomic locus (ENGRAM) or from the pegRNAs (MPRA), out of the total. The
log-scaled proportions of ENGRAM events recorded to DNA were highly correlated with
log-scaled proportions of barcodes measured directly from RNA.
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Figure 4.3: Recording the intensity and duration of signaling pathway activation
or small molecule exposure. a. Signal-responsive regulatory elements were used to con-
struct ENGRAM 2.0 recorders for activation by doxycycline (TetON; Tet Response Element),
TNFα (a NF-κB responsive element) and CHIR99021 (a TCF-LEF responsive element, re-
sponsive to Wnt signaling). (b-d) Upon 48 hours of stimulation with the corresponding
stimulant, the TetON b., NF-κB c., and Wnt d. recorders exhibited dose-dependent levels
of recording. These experiments were conducted on separate, polyclonal cell lines, each of
which had one recorder integrated via piggyBAC. Cells were exposed to a serial two-fold
dilution series of doxycycline b., TNFα c. or CHIR99021 d., with starting concentrations
of 8 ng/ml, 64 ng/ml and 32 µM, respectively. For CHIR99021, more concentrations were
sampled between 1 to 4 µM e. Dynamic range observed in signal recording experiments.
Recorders show an 11.5-fold, 19.0-fold and 22.6-fold between activation and background for
the Tet, NF-κB and Wnt recorders, respectively. Colors as in panel a. Error bars correspond
to standard deviations from 3 stimulus replicates. (f,g) Heatmap showing editing efficiencies
resulting from matrix experiment on the NF-κB f. and Wnt g. recorders, in which both
stimulant concentrations and durations of exposure were varied (2 recorders x 8 concentra-
tions x 8 durations x 3 replicates = 384 conditions), illustrating the joint dependence of
recording levels on the dose and duration of stimulation. h. Schematic of multiplex record-
ing of signaling pathways. Similar to a except that all three recorders are integrated within
a single population of cells and are writing to a shared DNA Tape. i. Cells bearing multiple
recorders were exposed to all possible on/off combinations of three stimuli for 48 hrs, followed
by harvesting and sequencing-based quantification of the levels of signal-specific barcodes.
Colored shapes as in panel a. Concentrations used were 500 ng/ml, 10 ng/ml and 3 µM
for doxycycline, TNFα and CHIR99021, respectively. j. Cells bearing multiple recorders
were exposed to all possible combinations of high, medium or low concentrations of three
stimuli for 48 hrs, followed by harvesting and sequencing-based quantification of the levels
of signal-specific barcodes. For Dox, 62.5, 250 or 1000 ng/ml were used; for TNFα, 1, 4 or
16 ng/ml; and for CHIR99021, 1, 2 or 2.5 µM.
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Figure 4.4: Multiplex recording of signaling pathways or the order of signaling
events with ENGRAM. a. Strategy for ENGRAM-based recording of the order of events
A & B. In brief, each signal-responsive recorder programs the expression of two pegRNAs,
one of which targets blank DNA Tape, and the other of which targets DNA Tape that has
already been edited in response to the other signal. b. We quantified the editing outcomes (A
only, B only, A-B' and B-A') associated with 11 transfection programs in which either both A
& B were introduced simultaneously (1 program), only A or B was introduced (2 programs),
or the recorders were serially transfected with varying recovery periods (A rightarrowB
or B rightarrowA; 8 programs). c. The different classes of transfection programs can
be distinguished by the ratios of A-B'/B-A' (y-axis) and A/B editing (x-axis) outcomes.
Provided at least 24 hrs of recovery between transfections, A rightarrowB programs are
readily distinguished from B→A programs. Error bars correspond to standard deviations
across 3 transfection replicates.
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Figure 4.5: The architecture and performance of ENGRAM recorders. a.
Schematic of the ENGRAM 1.0 recorder. A pegRNA writing unit is flanked by csy4 hairpins
and embedded within the 3′ UTR of a Pol-2-driven GFP mRNA. PE2 and Csy4 are consti-
tutively expressed from a separate locus. Csy4 cleaves at the csy4 hairpins and releases the
active pegRNA. b. Across three transfection replicates, the ENGRAM 1.0 recorder driven
by a constitutive Pol-2 PGK promoter (PGK-CTT) exhibited comparable efficiency for in-
serting CTT at the HEK3 locus to a U6-driven CTT-pegRNA (U6-CTT). In the K562 cell
line in which this experiment was performed, PE2 and Csy4 were constitutively expressed.
c. A schematic of the constructs used for the two pools of ENGRAM 1.0 recorders is shown
on the left, and the observed editing efficiency for each pool on the right. Briefly, a pool
of 13 enhancers known to be active in this cell line, cloned upstream of minP and driving
a pool of pegRNAs encoding insertion of a 5N degenerate sequence to HEK3, was 2.14-fold
more active than a control construct bearing minP alone. Error bars correspond to standard
deviations across 3 transfection replicates. P-values were obtained using the two-tailed Stu-
dent's t-test. d. Schematic of the ENGRAM 2.0 recorder. A pegRNA writing unit is flanked
by csy4 hairpins and embedded within the 3′ or 5′ UTR of a Pol-2-driven Csy4 mRNA. PE2
is constitutively expressed from a separate locus. Csy4 cleaves at the csy4 hairpins and
releases the active pegRNA. e. ENGRAM 2.0 exhibits lower levels of background recording
than ENGRAM 1.0. Measurements are for minP alone driving pegRNAs programming a de-
generate 5N insertion to the HEK3 locus in triplicate, 3 days post-transfection. Error bars
correspond to standard deviations across 3 transfection replicates. P-values were obtained
using the two-tailed Student's t-test.
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Figure 4.6: The ENGRAM recorder installs barcodes with reasonable efficiency
and reproducibility a, c. Reproducibility of the relative proportions of 1023 5N barcodes
installed by ENGRAM driven by the constitutive Pol-2 PGK promoter. Log-scaled inser-
tion proportions (calculated as the proportion of edited HEK3 sites with a given insertion)
were well correlated between pairs of transfection replicates. d, e. Predicted secondary
structures for pegRNAs with the lowest (left) and highest (right) insertional efficiencies. Se-
quences shown above are those observed in DNA Tape, which are the reverse complement of
sequences in pegRNAs. f. The rank-ordered coefficients of the linear lasso regression. Posi-
tional information of single nucleotides and dinucleotides and minimum free energy (MFE)
of secondary structure were used as input features for training. In addition to MFE, which
received the highest coefficient, the top 4 and bottom 4 coefficients for sequence features are
annotated (e.g. 1-A and 3-TC mean A at first nucleotide or TC dinucleotide starting at
position 3, respectively). g. MEF alone can explain 70% of the variance of the model.
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Figure 4.7: ENGRAM recording with new pegRNA and prime editor archi-
tecture. a. Comparison of recording efficiency between epegRNA and pegRNA. pe-
gRNA/epegRNA encoding 5N degenerate barcode is cloned into 5′-ENGRAM architecture
and is driven by a PGK promoter. These two libraries were transiently transfected into
PE2+ HEK293T cells separately in triplicate. Genomic DNA was harvested at three days
post transfection. Unexpectedly, pegRNA showed 30% higher recording efficiency than epe-
gRNA. We reasoned that csy4 hairpin might serve a similar role as tevoPreQ1 hairpin to
protect pegRNA from degradation, additional hairpin might affect RNA folding. Error bars
correspond to standard deviations across 3 transfection replicates. P-values were obtained
using the two-tailed Student's t-test. b. Comparison of recording efficiency between PE2
and PEmax. PE2/PEmax and PGK-5N-ENGRAM were co-transfected into K562 cells in
triplicate. Genomic DNA was harvested at three days post transfection.We observed that
PEmax showed 1.7 fold more efficient than PE2. We recommend using PEmax for all future
recording assays. In this paper, we used PE2. Error bars correspond to standard devia-
tions across 3 transfection replicates. P-values were obtained using the two-tailed Student's
t-test. c. tRNA processing for pegRNA release doesn't work in ENGRAM architecture.
We replaced csy4 hairpin with tRNA to see if tRNA can provide an alternative approach
for pegRNA releasing. Both ENGRAM pegRNA and tRNA flanked pegRNA encoding 5N
degenerate insertion were driven by NF-κB response element. Recorders were integrated into
cells via piggyBac. Recording activities were measured in the absence or presence of 10ng/ml
TNFα in triplicate. However, tRNA flanked pegRNA failed to show recording activity in
both conditions.
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Figure 4.8: Benchmarking of ENGRAM 2.0 recorders. a. Recording efficiency on
synthetic HEK3 locus and endogenous HEK3 locus. In the same pool of cells, endogenous
and synthetic HEK3 locus show 3.08% and 1.76% overall recording efficiency, respectively.
Of note, ∼15 copies of synthetic HEK3 are integrated. b. Log-transformed insertion pro-
portions for 300 6-mer barcodes were highly correlated between synthetic and endogenous
HEK3 locus.c, d. Different cell numbers were sampled (6,000, 12,000, 24,000, 48,000, 96,000
cells) on both endogenous and synthetic HEK3 locus to compare their recording efficiency
and sensitivity. Overall, with 12,000 cells, most enhancers can be captured with reason-
able reproducibility. e. Log-transformed insertion proportions for 300 6-mer barcodes were
highly reproducible across transfection replicates. Each value corresponds to the proportion
of barcodes read out at the DNA level from the HEK3 locus. f. Log-transformed RNA pro-
portions for 300 6-mer barcodes were highly reproducible across transfection replicates. Each
value corresponds to the proportion of barcodes read out at the RNA level from transcribed
pegRNAs. g. The log-scaled proportions of ENGRAM events recorded to DNA were highly
correlated with log-scaled proportions of barcodes measured directly from RNA.
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Figure 4.9: Multiplex recording of signaling pathway activation or small molecule
exposure with ENGRAM. a. We observed minimal level of background recording in
the absence of stimulus with the signal-responsive ENGRAM recorders. This background
did not accumulate over time, consistent with the hypothesis that it primarily accumulates
shortly after transfection, potentially due to ORI-driven, plasmid-mediated transcription.
Plotted points correspond to three transfection replicates. (b-c) Histograms showing editing
efficiencies resulting from matrix experiment on the NF-κB b. and Wnt c. recorders, in
which both stimulant concentrations and durations of exposure were varied (2 recorders x
8 concentrations x 8 durations x 3 replicates = 384 conditions). Error bars correspond to
standard deviations from 3 stimulus replicates. d. Barcode composition of DNA Tape from
cells treated with different combinations of stimuli. The recorders exhibit minimal crosstalk
between signaling pathways (e.g. stimulating with CHIR does not lead to appreciable record-
ing by the NF-κB recorder). e. Heatmap visualization of the data shown in Figure 4.3j.
Levels of recording are informative of each stimulant's concentration, even in the context of
concurrent recording of three signals to a shared DNA Tape.
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Signaling Pathway Motif Repeats
Barcode(s)

in pegRNA

Barcode(s)

in genomic DNA

TetON TCCCTATCAGTGATAGAGA 7 AGAAG CTTCT

NF-κB GGGACTTTCC 6
TCCTA

AATAA

TAGGA

TTATT

TCF/LEF

(Wnt)
TAAGATCAAAGGG 7 GCAAC GTTGC

Table 4.2: Responsive elements and their motifs.
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Chapter 5

DISCUSSION

A journey of a thousand miles begins with a single step. -Laozi

In this concluding chapter, I will attempt to discuss the applications of recorders in a

bigger picture. Acknowledging ENGRAM is only a small step forward toward Everything,

everywhere, recorded all at once, I will sketch different potential usage of recorders and how

recorders can bring new insights to our understanding of biological functions. In addition to

using the recorder as a memory device, due to its feature of altering DNA sequences perma-

nently in a programmable manner, we can also repurpose the recorder as a reprogrammer

where pre-programmed cellular circuits can be turned on and off in response to signals by

the recorder.

5.1 ENGRAM to study gene regulation and gene expression

5.1.1 Whole genome enhancer mapping with ENGRAM

As ENGRAM adopted the MPRA architecture, its straightforward to use ENGRAM

to record more enhancer activities. The reporter assays have long been a golden rule for

identifying enhancers. The first enhancer was identified by Banerji et al. in 1981[133] by

cloning a short sequence from SV40 to the upstream of reporter transcripts to measure its

enhanceability. The first generation of reporter assays relies on one designing an RNA probe

to target the reporter transcript, which limits its scalability. Exactly 40 years ago in 1982,

the reporter gene was replaced by chloramphenicol acetyltransferase (CAT)[134], in which

the gene expression abundance is translated into the level of a specific enzyme. Following

that, more enzyme-based reporters were developed to further scale up the throughput with

luciferase or GFP[135, 136].



121

5.1.2 Recording gene expression in native loci

The architecture of reporter assays takes the DNA sequence out of its context and it has

been debated that positional effect is important for enhancer activity[137]. Can we study

the gene expression and enhancer activation in their native locus? This is impossible with

traditional reporter assays but ENGRAM has brought new opportunities, allowing us to

record and study gene regulation dynamics in native locus. A pegRNA can be integrated

into the genome either randomly or with targeted integration. The location of randomly

integrated pegRNA can be mapped using our recently developed T7-based genomic mapping

assay. A pegRNA is transcribed and released from endogenous gene transcripts. The activity

of gene expression could be recorded similarly to other enhancer recording assays. In addition

to activities, the order of sequential activation of enhancers can be recorded as well.

5.1.3 Improve ENGRAM for high throughput gene expression study

One limitation of ENGRAM is its efficiency. With only a reasonable 3% overall recording

efficiency demonstrated in our enhancer recording assay, its super challenging to test more

enhancers or even whole-genome mapping mentioned above. Here, I propose a strategy that

can enrich edit cells, allowing enrichment of active enhancers. A frame-shifted selection

marker (antibiotic markers, such as Puromycin or Neomycin) can be added to the DNA

TAPE, in which the marker is inactive without enhancer activation. With enhancer activa-

tion, pegRNA will be transcribed and install a short insertion to the DNA TAPE, restoring

the expression of the selection marker. Thus, we are able to enrich cells with only active

enhancers.

5.2 ENGRAM to program cell functions

It has been 22 years since the first genetic circuit was developed[1], marking the foun-

dation of the field of synthetic biology. Early works focused on developing genetic circuits

in bacteria cells. Only limited work of mammalian synthetic biology has been shown due
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to the lack of genetic building blocks. Thanks to the mining of new tools as well as the

development of de novo protein design in the past few years, more opportunities open up in

the mammalian synthetic biology field. For example, orthogonal proteases have been used to

program protein-based circuits[138]; Synthetic gene circuits can generate stable memory rep-

resenting multiple cell states in mammalian cells[139]; Synthetic TF has been developed to

target specific sequences to activate gene expression[140]; De novo design of protein binders

and switches allows more designs of protein-based circuits [141, 142]; In addition to these

amazing work, ENGRAM serves as a versatile tool that can be combined with either protein

circuits to activate or deactivate certain proteins or synthetic TF system to record upstream

signaling pathways.

5.3 Endmark

ENGRAM provides a unique platform to study fundamental biological questions. Lim-

ited by my creativity and imagination, many other interesting topics might be missed. We

envision ENGRAM can be used to study cancer metastasis, cell signaling, and more thera-

peutic fields as sentinel cells to record cellular events. The next decade of recording systems

will greatly change our way of doing biological research.
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[40] Andrew J Hill, José L McFaline-Figueroa, Lea M Starita, Molly J Gasperini, Kenneth A
Matreyek, Jonathan Packer, Dana Jackson, Jay Shendure, and Cole Trapnell. On the
design of CRISPR-based single-cell molecular screens. Nat. Methods, 15(4):271–274,
April 2018.

[41] S B Needleman and C D Wunsch. A general method applicable to the search for
similarities in the amino acid sequence of two proteins. J. Mol. Biol., 48(3):443–453,
March 1970.
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[66] Martin Šošić and Mile Šikić. Edlib: a C/C library for fast, exact sequence alignment
using edit distance. Bioinformatics, 33(9):1394–1395, 2017.

[67] Jiajie Zhang, Kassian Kobert, Tomáš Flouri, and Alexandros Stamatakis. PEAR: a
fast and accurate illumina Paired-End read merger. Bioinformatics, 30(5):614–620,
March 2014.

[68] Tom Smith, Andreas Heger, and Ian Sudbery. UMI-tools: modeling sequencing er-
rors in unique molecular identifiers to improve quantification accuracy. Genome Res.,
27(3):491–499, March 2017.



131

[69] Peter J. A. Cock, Tiago Antao, Jeffrey T. Chang, Brad A. Chapman, Cymon J. Cox,
Andrew Dalke, Iddo Friedberg, Thomas Hamelryck, Frank Kauff, Bartek Wilczynski,
and Michiel J. L. de Hoon. Biopython: freely available Python tools for computational
molecular biology and bioinformatics. Bioinformatics, 25(11):1422–1423, 03 2009.

[70] Diederik P Kingma and Jimmy Ba. Adam: A method for stochastic optimization.
December 2014.

[71] Francois Chollet et al. Keras, 2015.

[72] Rami Al-Rfou, Guillaume Alain, Amjad Almahairi, Christof Angermueller, Dzmitry
Bahdanau, Nicolas Ballas, Frédéric Bastien, Justin Bayer, Anatoly Belikov, Alexan-
der Belopolsky, Yoshua Bengio, Arnaud Bergeron, James Bergstra, Valentin Bis-
son, Josh Bleecher Snyder, Nicolas Bouchard, Nicolas Boulanger-Lewandowski, Xavier
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iam Côté, Aaron Courville, Yann N. Dauphin, Olivier Delalleau, Julien Demouth,
Guillaume Desjardins, Sander Dieleman, Laurent Dinh, Mélanie Ducoffe, Vincent Du-
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Jain, Sébastien Jean, Kai Jia, Mikhail Korobov, Vivek Kulkarni, Alex Lamb, Pas-
cal Lamblin, Eric Larsen, César Laurent, Sean Lee, Simon Lefrancois, Simon Lemieux,
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Memisevic, Bart van Merriënboer, Vincent Michalski, Mehdi Mirza, Alberto Orlandi,
Christopher Pal, Razvan Pascanu, Mohammad Pezeshki, Colin Raffel, Daniel Renshaw,
Matthew Rocklin, Adriana Romero, Markus Roth, Peter Sadowski, John Salvatier,
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[105] Jiajie Zhang, Kassian Kobert, Tomáš Flouri, and Alexandros Stamatakis. PEAR: a
fast and accurate illumina Paired-End read merger. Bioinformatics, 30(5):614–620,
March 2014.

[106] Kendell Clement, Holly Rees, Matthew C Canver, Jason M Gehrke, Rick Farouni,
Jonathan Y Hsu, Mitchel A Cole, David R Liu, J Keith Joung, Daniel E Bauer, and
Luca Pinello. CRISPResso2 provides accurate and rapid genome editing sequence
analysis. Nat. Biotechnol., 37(3):224–226, March 2019.

[107] Pulin Li and Michael B Elowitz. Communication codes in developmental signaling
pathways. Development, 146(12), June 2019.



136

[108] Rupali P Patwardhan, Choli Lee, Oren Litvin, David L Young, Dana Pe’er, and Jay
Shendure. High-resolution analysis of DNA regulatory elements by synthetic saturation
mutagenesis. Nat. Biotechnol., 27(12):1173–1175, December 2009.
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