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Genome Sciences

Mutations can reveal how biological functions are encoded in our DNA, and how
biological specimens relate to one another. In nature, mutations occur infrequently and are subject
to natural selection. Therefore, to better learn how the DNA sequences within genomes function,
methods to deliberately create mutations and study their effects have been developed and
employed broadly. Recently engineered genome editing technologies constitute a means of
inducing mutations at a high frequency and in a targeted fashion, allowing researchers to
effectively rewrite the DNA code of a living cell’s genome. One such technology called

CRISPR/Cas9, has enabled genome editing at unprecedented ease and scale.



Here, I describe implementations of CRISPR/Cas9 genome editing to generate high allelic
diversity at targeted loci. Experimental quantification of genome editing outcomes via next-
generation sequencing is used to investigate two basic biological questions: 1.) How mutations
impact the function of genomic sequences, both coding and regulatory, and 2.) How cells in the
body relate to one another by way of a developmental lineage.

We investigated how mutations impact the function of DNA in two ways. First, we
established and optimized a CRISPR/Cas9-mediated method to introduce all possible single
nucleotide variants over a genomic region to determine the effects of each one in parallel. We
employ this method, called ‘saturation genome editing’, to investigate thousands of variants in
BRCAI, a gene in which loss-of-function variants cause hereditary breast and ovarian cancer
predisposition. The high accuracy of the data suggests this will be a powerful method for
interpreting variants encountered clinically. Second, to probe vast expanses of genomic sequence
for functional effects on gene regulation, we devised a method to introduce and assay thousands
of large deletions in a high throughput manner. For one gene, HPRT1, we use this method to show
that distal regulatory elements are unlikely to be required for the gene’s expression. We anticipate
these two methods will be powerful and complementary tools for identifying critical regions of the
genome and dissecting how they function.

Towards understanding how an entire organism develops from a single fertilized egg, we
developed an approach to record relationships between individual cells. We use CRISPR/Cas9 to
create diverse mutations in a short DNA barcode present within each cell of a growing organism,
such that the ancestral relationship between two cells can be determined by how similar the cells’
barcodes are to one another. Determining the barcode sequences of hundreds of thousands of cells

sampled from grown organisms allows us to construct lineage trees that reveal how sequential cell



divisions give rise first to embryonic germ layers and then to the cell types, tissues and organs of
fully formed organisms. Future use of this method, which we call ‘GESTALT’, will elucidate cell
lineage in multicellular systems for normal development and disease.

Potential improvements and applications of these methods are described in a concluding

section.
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Chapter 1. INTRODUCTION

Despite a rapidly expanding wealth of genetic data, there are fundamental limits on what
we can learn through human genetics. Perhaps most importantly, there is insufficient naturally
occurring genetic variation to fully close large gaps in our knowledge about which variants
contribute to disease risk, and more fundamentally, exactly how the genome programs biological
function on mechanistic scales spanning from single loci to entire organisms. CRISPR-based
technologies have the potential to enable vast gains towards addressing these challenges, by
empowering the systematic querying of genome sequence via targeted mutation. Current genome
editing methods reliably enable the precise introduction of variants ranging from single nucleotide
changes to megabase-scale alterations. At the same time, powerful multiplex approaches fueled by
massively parallel sequencing are transforming our ability to quantify the functional consequences
of mutations. In this introductory chapter, I provide a brief review of existing genome editing
methods and describe how they have been used to date to improve our mechanistic understanding

of how sequence dictates both coding and regulatory function.

1.1 EDIT THE GENOME TO REVEAL HOW IT FUNCTIONS

The central goal of human genetics is to understand how DNA sequence variation confers
phenotypic consequences on the molecular, cellular and organismal level. Since the completion of
the human genome project (International Human Genome Sequencing Consortium, 2001),
technological advances such as microarrays and next-generation sequencing have spurred the
ascertainment of detailed genetic information from millions of individuals (Shendure et al., 2017).
Linking genotypes to phenotypes through methods such as genome-wide association studies

(GWAS) has implicated specific variants, genes, and cellular pathways in disease, leading in turn



to major advances in healthcare (Bush and Moore, 2012). Powered by deep sampling of
populations, small contributions from up to hundreds of loci can be detected for some traits (Boyle
et al., 2017). Concurrently, technologies for transcriptomic and epigenomic profiling have been
deployed to richly annotate genomic sequences with biochemical data measured from diverse cell
and tissue types (ENCODE Project Consortium, 2012; The GTEx Consortium, 2015). Coupling
the sampling of variation with such ‘omics’ readouts associates specific variants with molecular
changes (e.g. expression quantitative trait loci) (Nica and Dermitzakis, 2013).

Despite the success of these approaches that leverage naturally occurring variation,
immense challenges remain to delineating functional sequences across the genome — and
relatedly, to predicting functional consequences of genetic variants (Shendure, 2014). For most
genotype-phenotype associations, the precise mechanism of action remains unknown. Indeed,
most often the causal variant(s) responsible are unresolved due to linkage (Freedman et al., 2011).
Even if a single, relatively common variant can be identified, pinpointing the cell type(s),
developmental stage(s), and pathological state(s) in which the variant’s effects are manifested
often proves a daunting task.

Rare variation poses an even greater challenge. The hundreds of thousands of whole
exomes and whole genomes sequenced in the last decade have only begun to catalogue the rare
variation present in our species (Lek et al., 2016; Shendure and Akey, 2015). Low allele
frequencies preclude confident assessment of variant effects through phenotypic association alone,
as evidenced by the tens of thousands of variants of uncertain significance (VUS) encountered in
clinically sequenced genes (Landrum et al., 2016; Starita et al., 2017). Although population-scale
sequencing efforts yield valuable insights (MacArthur et al., 2012), scalable perturbational

methods to probe genome function are clearly needed (Gasperini et al., 2016).



Since their discovery as programmable endonucleases, bacterial CRISPR systems have
been engineered to produce tools for probing genome function at scale (Cong et al., 2013; Doudna
and Charpentier, 2014; Jinek et al., 2012; Mali et al., 2013). Molecular cloning (e.g. via plasmids)
and methods such as RNA interference have been crucial tools for studying gene function, but
direct perturbation of the genome itself has numerous advantages (Gibson et al., 2013). Preserving
the surrounding sequence context and epigenetic status of a given element promises to yield the
most accurate functional measurements. Indeed, critical questions to genetics today, such as how
elements regulate gene expression from afar, are difficult to probe outside of the genome. The poor
concordance observed when the same elements were tested for enhancer activity both episomally
and genomically is an important cautionary example (Inoue et al., 2017). Put simply, to ascertain
the rules by which the genome functions, perturbing the genome itself has unique value.

Here, we briefly review multiplex CRISPR-based methods to interrogate genome function
and describe how these methods may be built upon to facilitate systematic exploration of both
coding and regulatory functions of the human genome. We anticipate that CRISPR/Cas9-driven
approaches to test DNA sequence function will greatly accelerate our understanding of the

mechanisms underlying molecular, cellular, and organismal consequences of genetic variation.

1.2  CRISPR TECHNOLOGIES ALLOW GENOME EDITING AT UNPRECEDENTED SCALE

An ideal system for genome editing would allow the rapid conversion of one or many
genomic sequences to one or many specified alternatives (i.e. ‘edits’). Edits would be introduced
with 100% efficiency at targeted loci but not elsewhere. The method would be cheap and scalable
such that every nucleotide of the genome could be edited. Aspects of CRISPR/Cas9 genome
editing systems resemble such an ideal system, but further methodological developments will

prove valuable towards achieving these goals.



Numerous CRISPR-derived tools for genome editing have been engineered from different
bacterial Cas protein orthologues. These include S. pyogenes Cas9 (SpCas9) (Cong et al., 2013;
Jinek et al., 2012; Mali et al., 2013) and S. aureus Cas9 (Ran et al., 2015), as well as, Cpfl proteins
from multiple species (Zetsche et al., 2015). Modified versions of these proteins and their
corresponding guide RNA components have been engineered for enhanced functionality, such as
reduced DNA cleavage (Qi et al., 2013; Ran et al., 2013), higher target fidelity (Fu et al., 2014b;
Kleinstiver et al., 2016a; Slaymaker et al., 2016), and altered specificity (Kleinstiver et al., 2015a,
2015b). The net effect of these advances is that most of the non-repetitive human genome is
targetable within less than 10 base pairs (bp) by at least one, highly specific RNA-guided
endonuclease (Canver et al., 2017). The rapid development also suggests these technologies will
continue to improve, and researchers will be able to choose which editing enzyme is best for their
experiments. The wide popularity of SpCas9 reflects that it is sufficient for many applications. The
simple and well-defined rules for SpCas9 targeted cleavage, the wealth of off-target data and
prediction tools for SpCas9 (Doench et al., 2014, 2016; McKenna and Shendure, 2017; Tsai et al.,
2015), and the consistent performance of many existent SpCas9-containing constructs across a
wide variety of systems have all contributed to the tool’s popularity (Platt et al., 2014; Ran et al.,
2013; Sanjana et al., 2014). Put another way, the ‘infrastructure’ for SpCas9 editing is already in
place. However, other CRISPR enzymes have also been characterized to varying extents, and
knowledge of how to best use them will keep improving as methods first used to characterize
SpCas9 are deployed (Kleinstiver et al., 2016b). Rather than reviewing differences between
enzymes, here we instead assume we can effectively direct editing anywhere in the genome and

explore the possibilities of CRISPR editing systems.



Making a single genetic perturbation (i.e. ‘edit’) in a clonal population or model organism
has become easier with CRISPR editing, and will remain a powerful approach for highly detailed
study of specific variants. However, towards identifying all loci genome-wide that contribute to a
given phenotype (element discovery) and towards quantifying the impact of all potential variants
at a locus of importance (element dissection), multiplex approaches will be essential. Indeed, fully
understanding the rules of complex biological processes — such as, how regulatory DNA elements
act to coordinate gene regulation — will necessitate large experimental data sets. Here, we
consolidate our thoughts on CRISPR-based multiplex assays in relation to the human genome, but
these approaches are generally suited to other commonly studied organisms as well.

CRISPR-mediated editing has been used in two primary modes. Simply directing Cas9
cleavage to an element is a powerful approach for ablating function, as the insertions and deletions
(‘indels’) that arise subsequent to double-strand break repair by non-homologous end joining
(NHEJ) or microhomology-mediated end joining (MMEJ) are often sufficient to disrupt function.
This is particularly true in coding regions. Indel events from a single cleavage are generally short,
usually less than 10 bp (Tsai et al., 2015). However, inducing paired cleavage events can lead to a
variety of repair outcomes that can effectively ablate or alter the underlying function of much
larger sequences. These include large deletions, inversions, translocations, and duplications (Choi
and Meyerson, 2014; Essletzbichler et al., 2014a; Guo et al., 2015; Li et al., 2015). While these
events can be precisely engineered through clonal isolation of successfully edited cells, the
requirement of dual cutting means they are generally made less reliably than short indels at a single

cleavage site.



1.3  SYSTEMATICALLY IDENTIFYING GENE FUNCTION WITH CRISPR SCREENING

The scalability of CRISPR methods to disrupt function stems from the fact that all that is
needed to direct cleavage at many locations is a single enzyme (e.g. SpCas9) and a specific gRNA
for each target. Therefore, given the ease of gRNA design and the scale of modern oligonucleotide
synthesis methods, directing cleavage to hundreds of thousands of sites in a single experiment is
readily doable. Directly reading out indel events at each of thousands of sites with sequencing
would prove difficult, but knowledge of the gRNA sequence alone can effectively inform where
cutting occurred. Therefore, targeted sequencing of lentivirally delivered gRNA cassettes can
serve as a quantitative proxies for the genetic alterations driving phenotypes. In this manner,
CRISPR screening approaches have been developed to target hundreds of thousands of sites in a
single experiment (Shalem et al., 2014; Wang et al., 2014).

Accumulating evidence suggests CRISPR-mediated screens for gene-level effects compare
favorably to RNA interference screens (Evers et al., 2016; Morgens et al., 2016). This is likely a
testament to the reliability of indel creation over time and the ensuing permanence of gene
perturbation. The ease of delivering these libraries and using gRNA sequencing to measure effects
has enabled hundreds of screens to date (Tsherniak et al., 2017). Profiling cells for which genes
and pathways are essential for growth both with and without various drug treatments is one
immediate application with implications for cancer biology, where new vulnerabilities can be
identified. Screening multiple cell lines with diverse dependencies allows function to be assigned
to unannotated genes by comparing how similarly an unknown gene scores to genes in a particular
pathway across different cell lines (Wang et al., 2017). This approach will grow more powerful as

more cell types are assayed. Other assays that physically separate cells of different phenotypes



(e.g. cell sorting, drug selection) are also readily compatible with CRISPR screens (Canver et al.,
2015; Doench et al., 2014).

CRISPR editing targeted to many sites in multiplex can also be combined with single-cell
RNA-seq (Datlinger et al., 2017; Dixit et al., 2016; Jaitin et al., 2016). In these experiments, the
gRNA sequence of a cell is ascertained in combination with the transcriptome of a single cell via
a shared molecular tag. As single-cell RNA-seq costs continue to drop precipitously (Cao et al.,
2017; Macosko et al., 2015), this approach has the power to link genetic perturbations to omics
phenotypes, meaning diverse effects of disrupting genes of unknown consequence can be revealed
without need for informed hypotheses.

One caveat of CRISPR knockout screening is that effects of a single gene may not be
revealed if there are multiple genes with redundant function expressed, each individually
sufficient. CRISPR screens to target multiple genes at once, however, have been developed to
enable profiling interactions between genes (Han et al., 2017; Shen et al., 2017). Such paired all-
by-all screens have revealed non-additive effects, albeit infrequently. More hypothesis-driven
combinations of gRNAs or pre-engineered genetic backgrounds may effectively reveal more gene
interactions (Wang et al., 2017). CRISPR technology enables targeting more than two genes per
construct (Xie et al., 2015), but comprehensive coverage becomes difficult as the combinatorial
space increases exponentially.

Although further optimization will prove valuable for improving CRISPR screens to assay
gene function (Sanjana et al., 2014), within just a few years of the first screens, it has become clear
that implementing these approaches across diverse biological fields will help close remaining gaps

in our knowledge of which genes contribute to which pathways and diseases.



1.4 TOWARDS EFFICIENT IDENTIFICATION OF NON-CODING ELEMENTS

CRISPR tools are now also being deployed to define regulatory elements and the
mechanisms by which they act. While databases such as ENCODE provide omics data that can be
used to define candidate gene regulatory elements, definitive proof of function must still come
from sequence perturbation. Experiments towards this end will delineate the elements that
contribute to each gene’s regulation. A paramount challenge, however, is that the rules of coding
gene structure do not apply, making it harder to predict whether indels created by editing will
disrupt an element’s function, and if so, to what extent. Whereas for genes, there are typically
many gRNAs that can effectively induce loss-of-function mutations, it is unclear how many
gRNAs can be expected to ablate a regulatory element’s function (e.g. by disrupting a key factor
binding site). This makes it more challenging to rule out off-target effects when few gRNAs (or
only one) show a strong effect. Yet, similar to genome-wide screens for gene function, various
CRISPR screening strategies have been employed to investigate potential regulatory elements.
Generally, these approaches have shown promise, but would benefit from further technological
development to more robustly perturb function.

The first CRISPR screens for regulatory function used single gRNAs to target short indels
to loci predicted by a variety of features to potentially function as enhancers (Canver et al., 2015;
Diaoetal., 2016; Korkmaz et al., 2016; Rajagopal et al., 2016; Sanjana et al., 2016). These features
included the presence of sequence variants associated with expression differences, chromatin
accessibility, ChIP-seq evidence of factor binding and enhancer-associated histone modifications,
specific factor binding motifs, and gene proximity. Read-outs were used that reflected expression
changes and were amenable to multiplex assays, such as isolating cells with altered gene

expression by fluorescence-activated cell sorting (FACS) (Canver et al., 2015) or measuring



fitness effects stemming from expression changes (Korkmaz et al., 2016). These studies proved
that CRISPR-screening could be used to identify both established and previously unrecognized
regulatory elements, but were generally marked by low discovery rates, despite targeting rationally
chosen candidates. Whether few new elements were identified due to biological reasons (e.g. few
enhancers exist per gene, enhancer redundancy masks function, enhancer function is tolerant to
small indels, etc.) or technical reasons (off-target effects preclude reliable measurement of small
effect sizes, gRNAs do not direct editing to the key regions of active enhancers, etc.) remained
undetermined.

To complement single gRNA regulatory screening approaches, we and others developed
methods to express gRNA pairs to program kilobase-scale deletions (Diao et al., 2017; Gasperini
et al., 2017; Zhu et al., 2016). The advantage of this strategy is that each base pair of genomic
sequence can be queried for function many times over via deletions made with independent sets
of gRNAs. However, the desired deletions require simultaneous target cleavage and deletion of
intervening sequence, which occurs at a suboptimal rate. Initial results from this approach varied
depending on the locus and the functional assay. In the 2 Mb surrounding POUS5F1, 45 cis-
regulatory elements were identified whose targeting affected the gene’s expression (Diao et al.,
2017). This is in contrast to what we found for HPRTI. In the 206 Kb encompassing HPRT, not
a single distal regulatory element was essential for HPRTI expression (Gasperini et al., 2017).
Going forward, we predict that this ‘tiling deletion” method will be valuable for systematically

screening large amounts of sequence for regulatory function.



1.5 DISSECTION OF GENOMIC REGIONS WITH MULTIPLEX EDITING OF CRITICAL

LOCI

The strategies discussed above center on identifying functional genes and regulatory
elements, rather than dissecting them at high resolution to ask how each constituent nucleotide
contributes to function. Towards answering questions such as will a rare single nucleotide variant
in a tumor suppressor gene increase cancer risk, or how will a specific GWAS-identified variant
located in a transcription factor binding motif affect enhancer activity, more precise mutations
need to be engineered. In many cell types, such mutations can be engineered through homology-
directed DNA repair (HDR) by providing a donor template containing the desired allele (Liang et
al., 1998). Much work has centered on increasing the HDR rate within cells to more effectively
engineer specific alleles with CRISPR systems (Liang et al., 2017; Lin et al., 2014; Maruyama et
al., 2015; Song et al., 2016; Zhang et al., 2017). Furthermore, alternative editing strategies have
been developed that obviate the requirement of HDR, instead relying on end-joining to make
programmed edits (Suzuki et al., 2016). Despite this progress, due to the requirement of specific
donor templates and the fact HDR often occurs less frequently than competing repair pathways,
methods for editing specific variants into the genome in multiplex have been less widely used.

Towards the goal of dissecting critical genomic elements at scale, we developed a method
called ‘saturation genome editing’ in which a library of hundreds to thousands of programmed
variants is introduced to a specific locus via HDR and assayed in multiplex via targeted deep
sequencing (Findlay et al., 2014). We employed this approach in human cell lines to assay all
single nucleotide variants across ~100 bp of genomic sequence for effects on splicing or protein
function. A similar approach was also used to aid experimental evolution in yeast (Ryan et al.,

2014) and to assay chromatin accessibility of synthetic sequences introduced to mouse embryonic
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stem cells (Hashimoto et al., 2016). More recently, we’ve illustrated the potential of saturation
genome editing for functionally characterizing variants of uncertain significance by testing 96.5%
of all possible SNVs (~4,000 SNVs total) across 13 exons BRCAI (detailed in Chapter 3).
Critically, by engineering SN'Vs in their native context, we achieve near-perfect accuracy (~98%)
when predicting clinical interpretations of pathogenicity from our data, regardless of the
mechanism by which a SNV impacts function (e.g. protein folding, splicing, etc.). High quality
data such as this will be vital for providing more definitive results to people for whom genetic
testing reveals a variant of unknown consequence (Starita et al., 2017).

One limit of our approach is that the genomic region that can be deeply mutagenized is
limited by the length of gene conversion tracts arising during HDR (Findlay et al., 2014; Paquet et
al., 2016). To induce single nucleotide substitutions over larger regions, fusion proteins that
combine the highly specific and programmable targeting of SpCas9 with enzymes that induce
single nucleotide substitutions (e.g. cytidine deaminases) have been used to assay phenotypes such
as drug resistance across multiple exons (Hess et al., 2016; Ma et al., 2016). High allelic diversity
at many sites can be generated simply by providing cells with a new gRNA for each site, this
making this approach more scalable. A caveat, though, is that measuring functional selection on
each edit in a diverse population still requires targeted sequencing.

Collectively, these methods are well suited for applications to regions where SNVs are
known to be of high functional impact. As we highlight in subsequent chapters, there is great

benefit to exploring sequence-function relationships at the resolution of single nucleotides.

1.6  TOPICS IN THIS DISSERTATION

The ensuing chapters of this dissertation stem from four projects I've worked on that used

CRISPR/Cas9 genome editing to generate high amounts of DNA sequence variation at specific
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sites, albeit to ask fundamentally different biological questions. Chapter 2 describes the
development of saturation genome editing (SGE), a method to create and functionally assay all
possible single nucleotide changes at a single region in the genome. Chapter 3 describes how we
next optimized SGE and used it to assay thousands of variants in BRCAI, a gene linked to
hereditary cancer predisposition in which thousands of people harbor variants of unknown
consequence to their health. Chapter 4 stems from experiments Molly Gasperini and I jointly led
to use CRISPR editing to search for regulatory function in the human genome. Chapter 5 is the
most dissimilar to the others, in that we use CRISPR editing to record new information in the
genome, instead of to reveal information already present. Aaron McKenna and I, in collaboration
with others, show CRISPR editing can be used to record lineage relationships between cells of
developing organisms. All chapters have been modified from manuscripts either in preparation

(Chapter 3) or already published (Chapters 2, 4, and 5).
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Chapter 2. SATURATION  EDITING OF GENOMIC
REGIONS BY MULTIPLEX HOMOLOGY-
DIRECTED REPAIR

Chapter 2 is adapted with minimal modifications from:
Findlay, G.M., Boyle, E.A., Hause, R.J., Klein, J.C., and Shendure, J. (2014).

Saturation editing of genomic regions by multiplex homology-directed repair.
Nature 573, 120-123.

First authorship is shared between GMF and EAB.

2.1 ABSTRACT

Saturation mutagenesis — coupled to an appropriate biological assay — represents a
fundamental means of achieving a high-resolution understanding of regulatory and protein-coding
nucleic acid sequences of interest (Cunningham and Wells, 1989; Fowler et al., 2010; Myers et al.,
1986; Patwardhan et al., 2009). However, mutagenized sequences introduced in trans on episomes
or via random or “safe-harbor” integration fail to capture the native context of the endogenous
chromosomal locus (Botstein and Shortle, 1985). This shortcoming markedly limits the
interpretability of the resulting measurements of mutational impact. Here, we couple
CRISPR/Cas9 RNA-guided cleavage (Jinek et al., 2012) with multiplex homology-directed repair
(HDR) using a complex library of donor templates to demonstrate saturation editing of genomic
regions. In exon 18 of BRCAI, we replace a six base-pair (bp) genomic region with all possible
hexamers, or the full exon with all possible single nucleotide variants (SN'Vs), and measure strong
effects on transcript abundance attributable to nonsense-mediated decay and exonic splicing
elements. We similarly perform saturation genome editing of a well-conserved coding region of

an essential gene, DBR1, and measure relative effects on growth that correlate with functional
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impact. Measurement of the functional consequences of large numbers of mutations with
saturation genome editing will potentially facilitate high-resolution functional dissection of both
cis-regulatory elements and trans-acting factors, as well as the interpretation of variants of

uncertain significance observed in clinical sequencing.

2.2  MAIN TEXT

Functional consequences of genetic variants are best studied by manipulating the
endogenous locus, which provides the native chromosomal context with respect to DNA sequence
and epigenetic milieu, and for proteins, endogenous levels and patterns of expression (Gibson et
al., 2013). Programmable endonucleases, e.g. zinc-finger nucleases (ZFNs), transcription
activator-like effector nucleases (TALENS) or clustered regularly interspaced short palindromic
repeat (CRISPR)/Cas-based RNA-guided DNA endonucleases, enable direct genome editing with
increasing practicality (Gaj et al., 2013). However, genome editing has primarily been applied to
introduce single changes to one or a few genomic loci (Wang et al., 2013), rather than many
programmed changes to a single genomic locus.

We sought to leverage CRISPR/Cas9 (Cong et al., 2013; Jinek et al., 2012; Mali et al.,
2013) to introduce saturating sets of programmed edits to a specific locus via multiplex HDR. We
first targeted six bases of a BRCAI exon (Mazoyer et al., 1998). We cloned an HDR library
containing random hexamers substituted at positions +5 to +10 of BRCAI exon 18 and fixed,
nonsynonymous changes at positions +17 to +23 (as a ‘handle’ for selective PCR and to prevent
re-cutting (Sander and Joung, 2014) by destroying the protospacer adjacent motif (PAM) (Figure
2.1). We co-transfected pCas9-sgBRCA1x18 and the HDR library into ~800,000 HEK293T cells,
achieving 3.33% HDR efficiency. We performed two independent transfections with the same

HDR library (‘biological replicates’ 1, 2), and cells were split on day 3 (‘D3 replicates’ a, b).

14



We prepared genomic DNA (gDNA) and ¢cDNA from bulk cells on D5. PCR reactions
were primed on the ‘handle’ uniquely present within successfully edited genomes. Amplification
was observed in HDR library/pCas9-sgBRCA1x18 transfected samples, but not in HDR library-
only controls. Amplicons derived from gDNA and cDNA were deeply sequenced (Figure 2.1a).
The relative abundances of hexamers within replicates and the correlation between the HDR
library and edited gDNA were consistent with limited ‘bottlenecking’ during transfection and
minimal influence of hexamer identity on HDR efficiency (Figure 2.2, Figure 2.3).

We estimated the effect of introducing each hexamer to these genomic coordinates on
transcript abundance by calculating enrichment scores (cDNA divided by gDNA counts, calibrated
to wildtype). These enrichment scores were well correlated between biological replicates (Figure
2.1b, la vs. 2a: R = 0.659) and between D3 replicates (Figure 2.3c; 1a vs. 1b: R = 0.662). When
we pooled read counts from D3 replicates, correlation between biological replicates improved
(Figure 2.3d; 1 vs. 2: R =0.706).

To maximize precision, we merged data across all four replicates for 4,048 hexamers
(Figure 2.1c). Several results support the biological validity of the resulting enrichment scores.
First, as anticipated by nonsense-mediated decay (NMD), hexamers introducing stop codons were
associated with markedly reduced mRNA levels (Figure 2.1¢; Wilcoxon rank sum test (WRST) P
= 9.7 x 10 median for nonsense hexamers 12-fold below overall median). Second, previous
studies measured hexamer influence on splicing at analogous coordinates of different exons via a
plasmid minigene assay (Ke et al., 2011). Despite these contextual differences, the strongest exonic
splicing silencers (ESSs) (bottom 2% in the minigene assay) scored 9-fold below median (Figure
2.1c; WRST P = 2.0 x 10™*), the strongest exonic splicing enhancers (ESEs) (top 2% in the

minigene assay) scored 1.5-fold above median (Figure 2.1c; WRST P = 2.4 x 10", and the
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complete datasets correlated reasonably well (Figure 2.4a; p = 0.524). We also observed
correlation between GC content and enrichment scores (Figure 2.4b), strongest for bases most
proximal to the splice junction, consistent with a posited role for GC content in the stability of
splicing structures (Zhang et al., 2011).

We next sought to assay the effects of SN'Vs across the full 78 bp BRCA1 exon 18 (Figure
2.5). We cloned three HDR libraries with selective PCR sites in either the 5’ or 3’ region and 3%
doping (Patwardhan et al., 2012) (97(wt):1:1:1) in the other half of the exon (L: 5* degeneracy, 3’
nonsynonymous selective PCR site; R: 3’ degeneracy, 5’ nonsynonymous selective PCR site; R2:
3’ degeneracy, 5’ synonymous selective PCR site). Five days post-transfection with pCas9-
sgBRCAIx18 (1.02-1.29% HDR efficiency), we selectively amplified and deeply sequenced
gDNA and cDNA. Using data from all edited exons with >1 mutation and >10 gDNA counts, we
estimated effect sizes by (beta values) of all possible SNVs using a weighted linear model.
Estimated effect sizes were reproducible (R = 0.846 (R), 0.853 (R2), and 0.686 (L); Figure 2.6a,
Figure 2.7 ,Figure 2.8). Effect sizes for the same SNVs interrogated with different selective PCR
strategies (R vs. R2) were also well correlated (R = 0.847; Figure 2.6b).

The estimated effect sizes reflect empirically measured changes in transcript abundance
resulting from programmed edits (Figure 2.6¢). As expected with NMD, nonsense mutations
reduced transcript abundance (WRST P = 1.4 x 10°%; 5.6-fold below median). Additionally,
several missense and synonymous SNVs reproducibly resulted in large reductions in transcript
abundance, and SNV effect sizes correlated with a predictive model for exonic variants that disrupt
splicing (Mort et al., 2014) (p = 0.322; Figure 2.9a). Because library L does not destroy the PAM,

we calculated enrichment scores for indels from non-homologous end-joining (NHEJ). As
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expected with NMD, only frameshifting indels were associated with large depletions (Figure
2.9b,c¢).

To further demonstrate this method, we targeted a well-conserved region of DBRI, the
RNA lariat debranching enzyme, which scored highly in a genome-wide screen for essentiality
(Wang et al., 2014) (Figure 2.10). We used array-synthesized oligonucleotides to program a DBR
HDR library to include the wild-type sequence and every possible SNV across 75 bp (73 3’-most
bases of exon 2 and first two bases of intron 2), and also all 63 possible codon substitutions at three
residues (388 genome edits were programmed; single base deletions were abundant from synthesis
errors). The HDR library also introduced two fixed synonymous changes (to disrupt the PAM and
prevent re-cutting) and a selective PCR site in intron 2.

An optimized sgRNA sequence (Hsu et al., 2013; Ran et al., 2013) was cloned into a
bicistronic sgRNA/Cas9-2A-EGFP vector (pCas9-EGFP-sgDbr1x2). Five million haploid human
cells (HAPI; Carette et al., 2009) were co-transfected with the DBRI HDR library and pCas9-
EGFP-sgDbr1x2. On D2, ~250,000 EGFP+ cells were FACS-sorted and further cultured, taking
samples on D5, D8 and D11 (1.14% HDR efficiency, estimated on D8). Following gDNA isolation
and selective PCR, deep sequencing was performed to quantify the relative abundance of edited
haplotypes in each sample.

We first examined the relative proportions of mutation classes at each time point (Figure
2.11a). The strong enrichment of synonymous mutations and depletion of nonsense and
frameshifting mutations over time indicated that selection was acting on edited cells in culture,
consistent with DBR1 essentiality. We calculated enrichment scores (D8 or D11 counts divided by
D5 counts) for 365 of the 388 (94%) programmed edits and 12 single base deletions (the subset

with relative abundance >5 x 10” on D5) (Figure 2.11b, Figure 2.12). Enrichment scores strongly
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correlated with functional consequence. The median enrichment score for synonymous edits was
nearly identical to wild-type (1.006-fold lower), but 73-fold lower for missense edits (P = 1.7 x
10®; WRST against synonymous edits), 207-fold lower for nonsense edits (P = 1.9 x 10™), and
211-fold lower for frameshifting single base deletion edits (P = 1.5 x 10™). Furthermore,
enrichment scores for SNVs were inversely correlated with metrics of predicted deleteriousness
like CADD (Kircher et al., 2014) (p = -0.295; P= 1.2 x 10”; Figure 2.13a,b). Residues N84, H85
and E86 of DBR1 were edited to all 63 possible non-wild-type codons. Consistent with their
predicted role in the active site of an essential enzyme (Khalid et al., 2005), only synonymous
mutations and a few missense substitutions were tolerated (Figure 2.13c).

Amino-acid level enrichment scores were well correlated between D11 biological
replicates (R = 0.752; P = 2.6 x 10™*; Figure 2.13c), and were bimodally distributed in each
replicate, allowing broad classification of changes as tolerated or deleterious. The small proportion
of discordantly classified variants might be explained by HAP1 reversion to diploidy or off-target
effects, highlighting the importance of biological replicates for this experimental design. Notably,
there were no reproducibly tolerated nonsense or frameshifting edits. Overall, these data support
the conclusion that our empirically derived enrichment scores reflect true biological effects of
specific genomic point mutations within DBR].

We demonstrate that it is feasible to generate and functionally analyze hundreds to
thousands of programmed genome edits at a single locus in a single experiment. We emphasize
three major limitations of the method as it stands. First, we only introduced programmed edits to
the immediate vicinity of coordinates targeted by the endonuclease (Figure 2.7a, Figure 2.12a),
and the narrow window associated with HDR mechanisms in mammalian cells (Elliott et al., 1998)

may fundamentally limit the size of the region that can be subjected to multiplex editing in one
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experiment. Saturation genome editing of a full gene — e.g. to measure functional consequences of
all possible variants of uncertain significance — will require multiple experiments tiling along its
exons.

Second, only a small proportion of cells were successfully edited in each experiment,
bottlenecking complexity, limiting reproducibility, and necessitating the selective PCR site.
Looking forward, a variety of techniques, e.g. transient hypothermia (Doyon et al., 2010) or
oligonucleotide-based HDR (Chen et al., 2011), can be used to improve editing efficiency.
Consistent with this, we note that ZFNs and TALENs have demonstrated efficiencies up to 50%
in some studies (Carroll, 2014; Reyon et al., 2012). Also, although the low editing efficiency
necessitated using haploid cells for DBR 1 mutagenesis, this could potentially have been performed
in diploid cells by knocking out one allele via NHEJ and then knocking in the HDR library to the
other allele.

Finally, the development of functional assays that are biologically relevant and technically
viable remains a challenge. Here, we exploited strategies that directly linked genotype to
phenotype — e.g. targeted RNA sequencing to measure transcript abundance or targeted DNA
sequencing to measure reduced cellular fitness. Analogous approaches can be taken in other
contexts — e.g. targeted ChIP-seq of co-activators to assay enhancers, increased cellular growth
rate to assay cancer drivers or drug resistance (Smurnyy et al., 2014), or FACS-based phenotypic
sorting for cellular assays more generally (Kinney et al., 2010).

There is a strong demand for techniques that accurately and scalably measure mutational
consequences, and a dearth of experimental data measuring distributions of effect sizes or

corresponding to direct manipulation of the genome. By multiplexing both the introduction and
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assaying of mutations in their native context, we anticipate that saturation genome editing will

accelerate our ability to measure and interpret the functional consequences of genetic variation.

2.3  METHODS

2.3.1 BRCAI Experimental Design

As a proof-of-principle experiment, we chose to target an exon in a clinically relevant gene
in which known mutations cause aberrant splicing. Previous molecular studies of a G to T nonsense
mutation occurring naturally in cancer patients at chrl17:41,215,963 suggested exon skipping
(Mazoyer et al., 1998) was secondary to the creation of an exonic splicing silencer site (Goina et
al., 2008). From this, we hypothesized that saturation genome editing of this exon could result in
a wide range of splicing outcomes.

A chief consideration when performing parallel functional analysis of complex allelic
series is the challenge of associating each of many mutations with the biological effects they
produce. This task is more difficult when attempting such approaches at the endogenous genomic
locus, and with limited editing efficiencies. By performing these experiments in an exon and
focusing on the effects of mutations on transcript abundance, we directly link genotype and
phenotype by observing the frequency of each genome edit in the transcript pool, relative to its
frequency in genomic DNA. This design is advantageous because it requires no specialized (i.e.
gene-specific) functional assay, thus making it amenable to interrogation of transcribed variants’

effects on splicing/transcript abundance in any gene.

2.3.2  Rationale for Including Selective PCR Sites

Given the modest proportion of HDR-edited loci in a given experiment and the high

number of variants that we set out to interrogate (i.e. hundreds to thousands), it would require a
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large amount of sequencing to sufficiently sample every variant in gDNA and cDNA pools from
a population of cells that are predominantly unedited or harboring products of NHEJ. Furthermore,
at such efficiencies, the rate of error in high-throughput sequencing is high enough to obscure
signal from single nucleotide variants (SNVs) (unpublished observations). Therefore, until better
methods exist to isolate populations of cells successfully edited with HDR, techniques to
selectively sequence molecules derived from edited cells are likely to be advantageous. To
implement this, we designed our HDR libraries to include short, fixed edits to serve as unique
priming sites in genomes that successfully undergo HDR. PCR reactions primed at this site,
therefore, should only amplify material from edited cells, thus reducing both the noise associated
with error from sequencing unedited material and the cost of sequencing in each experiment.
Additionally, we predicted that selective PCR sites that mutate the PAM and protospacer
sequences would prevent Cas9 from re-cutting HDR-edited genomes. This should have the effect
of increasing the proportion of cells bearing experimentally informative edits, and given the
bottleneck imposed by limitations on how many successfully edited cells can be sampled, should

result in more robust experimental signal.

2.3.3  DBRI Experimental Design

To demonstrate that saturation genome editing can be used to explore effects of mutations
on protein function and cellular fitness, we targeted DBRI, a well-conserved gene that scored
highly in a human haploid cell genome-wide loss-of-function screen for essentiality (Wang et al.,
2014). Using haploid cells prevents gene compensation from an unedited copy. Not knowing how
sensitive the cells would be to mutations, we chose to target a region of exon 2 that was highly
conserved, included in all transcript annotations on the UCSC Genome Browser, and coded for at

least 2 residues (N84, H85) predicted to participate at the enzyme’s active site (Khalid et al., 2005).
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Selection against edited cells in culture allows phenotype to be linked to genotype from sequencing
of the gDNA pool over a series of timepoints. During HDR library construction, we designed a
selective PCR site in a downstream intron to minimize any effect on gene function, and used two
synonymous mutations to abrogate Cas9 re-cutting.

Given the lower transfection efficiency of HAP1 cells (~4% for the plasmids used here),
we cloned a DBR-targeting CRISPR construct that expressed EGFP with Cas9 and used FACS
to sort a population of successfully transfected cells. The sgRNA was designed using the Zhang
Lab tool (http://crispr.mit.edu/), and selected to minimize off-target effects that could potentially

impair cellular fitness (Hsu et al., 2013).

2.3.4  HDR Library and Cas9-sgRNA Cloning

A homology-directed repair (HDR) library containing all possible 4,096 DNA hexamers
substituted at positions +5 to +10 of BRCAI exon 18 (chrl17:41,215,962-41,215,967;
CCDS11453.1) was constructed using a partially degenerate oligonucleotide (IDT DNA;
“BRCA1ex]18NNNNNNS_ 10selPCR”) containing a 7 bp selective PCR site / EcoRV restriction
digest site at position +17 to +23. The oligonucleotide was PCR amplified and cloned via the In-
Fusion reaction (Clontech) into a PCR-linearized pUC19- BRCAlex18 vector containing a pre-
inserted 1,573 bp fragment amplified from the surrounding BRCAlex18 locus in HEK293T cells
(chr17:41,215,127-41,216,699) to serve as homologous arms. Additional libraries from a second
degenerate oligonucleotide that was synthesized with a 3% mutation rate (97% wt, 1% each non-
wt base) across the 78 bp exon were cloned similarly, such that one end of the exon would be fixed
and contain either missense (as above) or synonymous mutations for selective PCR. All PCR

reactions were performed with the KAPA HiFi HotStart ReadyMix PCR Kit.
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The DBR1 HDR library was cloned as above except with the following differences. HDR
library variants were derived from 388 oligonucleotides synthesized on a microarray
(CustomArray) to include all possible single base pair changes in a 75 bp region comprising part
of DBRI exon 2 (chr3:137,892,342-137,892,416), all codon variants at the first three residues of
the 75 bp region (chr3:137,892,408-137,892,416), and the reference 75 bp sequence. All DBRI
HDR library sequences also included two synonymous mutations designed to prevent re-cutting
of edited genomes by disrupting PAM and protospacer sequences (chr3:137,892,424 and
chr3:137,892,421), and a 6 bp selective PCR site in intron 2 of DBRI (chr3:137,892,331-
137,892,336). The library was cloned into a pUC19-DBR1ex2 backbone, a vector containing the
surrounding DBRI sequence cloned from HAP1 gDNA (chr3:137,891,573-137,893,293). A
bicistronic Cas9-sgRNA vector designed to cleave within BRCAI exon 18 (“pCas9-
sgBRCA1x18”) was cloned according to a published protocol (Ran et al., 2013) by ligating
annealed oligonucleotides into a human codon-optimized S. pyogenous Cas9-sgRNA vector from
the lab of Feng Zhang (pX330-U6-Chimeric BB-CBh-hSpCas9; Addgene plasmid #42230). The
same protocol was followed to create pCas9-EGFP-sgDbr1x2 from a similar vector that allows for
fluorescent identification of Cas9-expressing cells (pSpCas9(BB)-2A-GFP (pX458); Addgene

plasmid #48138).

2.3.5 Cell Culture and Transfection

For BRCAI experiments, HEK293T cells were cultured in Dulbecco’s Modified Eagle
Medium (Life Technologies) supplemented with 10% FBS (AATC) and 100 U/ml penicillin + 100
pg/ml streptomycin (Life Technologies). One day prior to transfection, cells were split to ~40%
confluency in 12-well plates with antibiotic-free media. The next day, 0.5-1.0 pg of each library

was co-transfected (Lipofectamine 2000, Invitrogen) with an equivalent amount of pCas9-
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sgBRCA1x18. Cells were expanded to 6-well plates, then split 1:4 on day 3 into two pools, and
DNA and RNA were harvested on D5 (AllPrep DNA/RNA Mini Kit, Qiagen). Biological
replicates of each transfection and negative control transfections of each library without pCas9-
sgBRCA1x18 were also performed.

For the DBRI experiment, HAP1 cells (Haplogen) were cultured in Iscove’s Modified
Dulbecco’s Medium supplemented with 10% FBS and 100 U/ml penicillin + 100 pg/ml
streptomycin. ~3 x 10° HAP1 cells were passaged to a 60 mm dish in antibiotic-free media one
day prior to cotransfection with 3 pg each of pCas9-EGFP-sgDbr1X2 and the DBRI HDR library
via Turbofectin 8.0 (OriGene) according to protocol. On D2, FACS was performed (BD FACSAria
IIT) to isolate ~250,000 EGFP" cells, which were then expanded in culture with samples taken of
~1 x 10° cells on D5, and 4-8 x 10° on D8 and D11. gDNA was isolated according to protocol with
the QiaAmp Kit (Qiagen). A biological replicate was performed, as well as negative controls in
which the HDR library was transfected with the empty pSpCas9(BB)-2A-GFP construct (to enable

FACS of transfected cells without editing).

2.3.6  RT, Selective PCR and Sequencing

For BRCAI experiments, reverse transcription (RT) was performed using SuperScriptIIl
(Invitrogen) with a gene-specific primer located in either BRCA/ exon 19 (hexamer experiments)
or exon 21 (whole exon experiments). Initial rounds of PCR were performed on large quantities
of sample gDNA (8-12 pg gDNA, 100-150 ng/reaction) and cDNA (25 ng total RNA reverse
transcribed and split into 45-47 reactions) using the KAPA HiFi HotStart ReadyMix PCR kit. In
the first gDNA PCR, a primer external to the HDR library was used to prevent amplification of
plasmid DNA. cDNA reactions were either primed from exons 16 and 18 (hexamer experiment;

Library L) or exons 18 and 20 (Libraries R, R2). After the initial gDNA and cDNA reactions, all
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PCR products from a single sample were pooled and purified using the QIAquick PCR Purification
Kit (Qiagen).

For both cDNA and gDNA reactions, a primer designed to selectively amplify edited
molecules bearing the selective PCR site was used either in the first or second reaction. Optimal
annealing temperatures for each primer pair were determined via gradient PCR, and negative
control reactions were performed using input from HDR library-only transfections to ensure
products were derived from edited genomes as opposed to the HDR library. Negative controls
failed to amplify for all experiments. Two subsequent PCRs were performed to add sequencing
adaptors (“PUIL” and “PUIR”), sample indices, and flow cell adaptors.

For the DBR1 experiment, 30 cycles of selective PCR were performed on gDNA (300 ng
per reaction) from D5 (3 pg), D8 and D11 (27 pg each). Wells from each sample were pooled,
PCR purified, and then re-amplified for 15 additional cycles. The 1,055 bp product was gel-
purified (QIAquick Gel Extraction Kit, Qiagen), and two subsequent PCRs were performed to
incorporate sequencing and flow cell adaptors prior to sequencing as above. After final reactions
were purified (AMPure XP beads, Agencourt), paired-end sequencing was performed on all
samples with the Illumina MiSeq to quantify gDNA and/or cDNA abundances for each edited
haplotype.

HDR efficiencies were estimated for all experiments via deep sequencing of target loci by
performing PCR on 150-300 ng of gDNA using primers external to the region of editing and the
selective PCR site. Reported HDR efficiencies were conservatively calculated as the fraction of
sequencing reads containing the selective PCR site and bearing at least one variant represented in

the HDR library.
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2.3.7  Analysis of Sequencing Data

For quality control, fully overlapping paired-end reads were merged with PEAR (Paired-
End reAd mergeR) (Zhang et al., 2014) and discordant pairs were eliminated. By design, the
mutagenized region is covered by both the forward and reverse reads on the Illumina platform,
resulting in high-confidence calls per base.

For BRCA I hexamer reads to be included, the six bases on either side of the hexamer were
required to match the reference sequence, and every base call in the hexamer required a quality
score of at least Q30. For BRCAI whole-exon mutagenesis, the full read was required to be the
correct length and match the library consensus sequence outside of the mutagenized region, every
base quality score inside the mutagenized region was required to be at least Q30, and no indels
were tolerated in alignment with BWA-MEM (Li and Durbin, 2009). cDNA reads not matching
any gDNA haplotype with at least 10 reads were eliminated. After normalizing for sequencing
coverage, enrichment scores were calculated as c¢cDNA read counts incremented by one
pseudocount divided by gDNA reads, calibrated to the wild-type hexamer.

For DBR1 mutagenesis, reads were subjected to the same requirements of the sequence
outside the mutagenized bases matching the consensus and every quality score in the mutagenized
region exceeding Q30. Only reads matching programmed haplotypes were analyzed, and
haplotypes below a D5 relative abundance of 5 x 107 were excluded from analysis. After
incrementing all read counts by one pseudocount and dividing by the total number of reads, the
abundance of each haplotype on D8 or D11 was divided by the corresponding abundance on D5,
and the fold-change relative to the wild-type sequence was taken to calculate an enrichment score.
Based on the bimodal distribution observed in each replicate, mutations with log2-transformed

enrichment scores less than -2 were considered “deleterious™; otherwise, mutations were
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considered “tolerated”. Discordant effects between replicates were defined as mutations
“tolerated” in one replicate but “deleterious” in the other. Amino acid level enrichment scores were
calculated as the median of SNV enrichment scores for programmed edits resulting in the same

change (or lack of change, for synonymous edits).

2.3.8 SNV Effect Size Linear Modeling and Replicate Pooling

To determine effects of SNVs in the BRCA I whole-exon experiments, cDNA and gDNA
read counts were converted into percentages (number of reads for a given haplotype divided by
the total number of reads for a given replicate) after discarding haplotypes with fewer than 10
gDNA Reads. To predict single nucleotide effect size across exon 18 of BRCAI, we then fit the
weighted linear model. Regression analyses were performed in R 3.0.0 using the Im() function.
The resulting coefficients of the model adjusted for the model intercepts were taken as effect sizes
of the individual SNVs on exon splicing/stability. To merge data across replicates, effect sizes

were averaged (including across overlapping bases between libraries L and R).

2.3.9 Comparisons to other metrics of functional impact

For comparison to plasmid studies, ESR-seq scores were taken from (Ke et al., 2011).
Hexamers with positive ESR-seq scores are deemed exonic splicing enhancers, whereas negative
ESR-seq scores denote exonic splicing silencers. For comparison of BRCA I exon 18’s SNV effect
sizes to an in silico method, all SNVs were queried on MutPredSplice’s web server. MutPredSplice
reports a single score estimating the likelihood that a variant will disrupt splicing at any genomic
locus. Absolute values of BRCAI exon 18 splicing effect sizes were then correlated with
MutPredSplice scores to determine concordance between our data and predicted effects on

splicing.
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For DBRI, calculated enrichment scores were compared to BLOSUMS62 substitution
scores (Henikoff and Henikoff, 1992) (obtained from NCBI), PolyPhen-2 (Adzhubei et al., 2010),
and CADD (Kircher et al., 2014) (PolyPhen-2 and CADD scores obtained from querying genomic
coordinates from CADD’s precomputed genomic annotations. Whereas BLOSUMS62 is derived
from evolutionary conservation and PolyPhen-2 predicts changes in protein function, CADD is an
integrated measure of deleteriousness that incorporates many functional annotations (including

PolyPhen-2).
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Figure 2.1. Saturation genome editing and multiplex functional analysis of a hexamer region
influencing BRCA1 splicing.

a, Experimental schematic. Cultured cells were co-transfected with a single Cas9-sgRNA construct

29



(CRISPR) and a complex homology-directed repair (HDR) library containing an edited exon that
harbors a random hexamer (blue, green, orange) and a fixed selective PCR site (red). CRISPR-
induced cutting stimulated homologous recombination with the HDR library, inserting mutant
exons into the genomes of many cells. At five days post- transfection, cells were harvested for
gDNA and RNA. After reverse transcription, selective PCR was performed followed by
sequencing of gDNA and cDNA derived amplicons. Hexamer enrichment scores were calculated
by dividing cDNA counts normalized by gDNA counts. b, Correlation of enrichment scores
between biological replicates for hexamers observed in each experiment with positions of
previously identified exonic splicing enhancers (ESEs), exonic splicing silencers (ESSs) and stop
codons indicated. ¢, Rank-ordered plot of enrichment scores with positions of ESEs, ESSs, and

stop codons indicated.
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Figure 2.2. Distributions and pair-wise correlations of hexamer abundances.

a, The relative abundance of hexamers within the HDR library (red), gDNA (blue), cDNA data
(green) are shown for a single experiment. The vertical black line represents our threshold of 10
gDNA reads. b-d, Scatterplots from a single replicate show pair-wise correlations between
sequencing counts for the HDR library, gDNA, and ¢cDNA for hexamers with at least 10
observations in the gDNA library, excluding wild type and control hexamers (n = 3,633). The
HDR library and the gDNA data are most highly correlated (R 95% CI: 0.596-0.636), followed by
the gDNA and cDNA (R 95% CI: 0.419-0.471) and the HDR library and cDNA (R 95% CI: 0.341-
0.394).
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Figure 2.3. Correlations for hexamer genome editing efficiency and enrichment scores
between biological replicates.

a, gDNA counts for all hexamers with at least ten reads in each of two gDNA preps from separate
transfections with the same HDR library (n = 2,980) exhibited moderate correlation (R 95% CI:
0.355-0.416). b, However, hexamer editing rates, defined as gDNA counts normalized to HDR
library counts, were substantially less correlated (R 95% CI: 0.084-0.155), consistent with a
hexamer’s HDR library abundance contributing more to its gDNA abundance than systematic
differences in HDR efficiency secondary to the hexamer sequence itself. ¢, Hexamer enrichment
scores for two pools of cells from a single transfection split on D3 were well-correlated (R 95%
CI: 0.643- 0.681). d, Pooling data from cells split on D3 replicates from a single transfection
yielded an improved correlation between biological replicates (i.e. independent transfections; R
95% CI: 0.690-0.722).
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Figure 2.4. Comparison of genome-based hexamer enrichment scores to plasmid-based

hexamer scores.

a, There was a modest correlation between ESS and ESE hexamers defined by a previous study
(Ke et al., 2011) (x-axis) and the enrichment scores calculated here (y- axis; Spearman = 0.524).
The previous study also interrogated hexamers positioned +5 to +10 nucleotides relative to a splice
junction, but was plasmid-based rather than genome-based and in the context of different exons.
b, To reveal effects of GC content on hexamer abundance, histograms display the distribution of
enrichment scores for each possible GC level (0-6). Hexamers containing two or fewer GC base
pairs exhibited broadly lower enrichment scores than hexamers containing three or more GC base

pairs.
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Figure 2.5. Experimental schematic for genome editing and functional analysis of BRCAI

exon 18.

Cultured cells were co-transfected with a single Cas9-sgRNA construct (CRISPR) and an HDR
library. Each HDR library was generated from cloning of an oligonucleotide synthesized with 3%
nucleotide degeneracy (97wt:1:1:1) for approximately half of the exon and a selective PCR site
introduced to the other (fixed) half of the exon (red). CRISPR-induced HDR integrates mutant
exons into the genome. Cells were cultured for five days post-transfection, and then harvested for
gDNA and total RNA. After reverse transcription, selective PCR was performed prior to
sequencing the edited pools of gDNA and cDNA. Each exon haplotype’s enrichment score was
measured by dividing cDNA reads by gDNA reads, and effect sizes for each SNV were calculated

via weighted linear regression.
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Figure 2.6. Multiplex homology-directed repair reveals effects of single nucleotide variants
on transcript abundance.

Three separate HDR libraries (R, R2, and L) containing a 3% mutation rate (97% wt, 1% each
non-wt base) in either half of BRCAI exon 18 were introduced to the genome via co-transfection
with pCas9-sgBRCA1x18. Enrichment scores were calculated for each haplotype observed at least
10 times in the gDNA, and effect sizes of SNVs were determined by weighted linear regression
modeling. ‘Sense’ includes both missense and synonymous SNVs. a, Effect sizes calculated from
replicate transfections of HDR library R, consisting of a 3% per-nucleotide mutation rate in the 3’-
most 39 bases, were highly correlated (R = 0.846). b, Library R2 harbored a selective PCR site
composed of 5 synonymous changes, none of which are present in Library R. When effect sizes
derived from experiments with library R2 were plotted against those from library R, there was a
strong correlation (R = 0.847), indicating reproducibility and demonstrating that differences
between selective PCR sites did not strongly influence scores. ¢, Effect sizes for SN'Vs across the
exon are displayed. Datasets from libraries R and L were combined to span the entire exon. Dashed
lines represent SNVs that introduce nonsense codons.
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Figure 2.7. Positional SNV editing rates and replication of effect sizes.

a, Editing rates for each SNV in BRCA1 exon 18 were calculated by dividing each SNV’s gDNA
sequencing abundance by its HDR library abundance. Editing rates were then plotted across the
exon for each library (red = L, blue = R, green = R2) with locations of their selective PCR sites
and the CRISPR-targeted PAM illustrated below. For HDR libraries R and R2, there was a subtle
decrease in editing rate with increasing distance from the Cas9 cleavage site (R: rho =-0.264, P
= 4.1x107; R2: rho = -0.361, P = 4.8x10™). For library L, which allowed re-cutting by not
destroying the PAM, there was a sharp peak centered on the Cas9 cleavage site, and a rapid decline
in efficiencies in the 5° direction (further from the 3’ selective PCR handle). b,¢, SNV effect sizes
were concordant across biological replicates for libraries R2 (b) and L (c¢). Notably, variants of

high effect size scored similarly across independent transfections.
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Figure 2.8. Biological replicate effect size reproducibility for library R.

Effect sizes of individual variants for libraries R were well correlated between biological
replicates. Dashed lines represent SNVs that introduce nonsense codons
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Figure 2.9. Correlation between effect sizes and predicted disruption of splicing motifs and
indel effects.

a, MutPred Splice was used to predict the functional impact of all 234 single nucleotide
substitutions on splicing in BRCAI exon 18 (x-axis), and these scores were compared to absolute
values of our empirically measured effect sizes (y-axis; = 0.322). Although nonsense variants
contributed to this trend, the sense variants with the largest effect sizes generally had high MutPred
Splice scores. b, For indels observed in gDNA from library 2 (virtually all of which occur at the
Cas9 cleavage site), size frequencies are plotted. Indel size = 0 includes all haplotypes with wild
type length. ¢, For each indel size, enrichment scores were calculated and normalized to that of the
average full length exon. As predicted by nonsense-mediated decay, indels that shift the coding
frame were associated with low transcript abundance.
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Figure 2.10. Experimental schematic for saturation genome editing and multiplex functional

analysis of DBR1 exon 2.

HAP1 cells were co-transfected with a single Cas9-2A-EGFP-sgRNA construct (CRISPR) and an
HDR library cloned from array-synthesized oligonucleotides containing programmed SNVs
(orange, blue) and active site codon substitutions (green). The HDR library exon haplotypes also
included two synonymous mutations (red) to disrupt PAM and protospacer sequences to prevent
Cas9 re-cutting, and a 6 bp selective PCR site (light blue) substituted in the downstream intron.
Successfully transfected cells (EGFP+) were selected on D2 by FACS, and cultured. On D5, D8,
and D11, samples of cells were taken and selective PCR was performed prior to targeted
sequencing of gDNA. Each haplotype’s enrichment score, a measure of the haplotype’s fitness in
cell culture, was calculated by dividing D8 or D11 abundance by D5 abundance.
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Figure 2.11. Saturation genome editing and multiplex functional analysis at an essential gene,
DBRI1, in HAP1 cells.

An HDR library targeting a highly conserved region of DBRI exon 2 was used with pCas9-EGFP-
sgDbr1x2 to introduce point mutations across 75 bp and all possible codon substitutions at three
residues believed to participate at the enzyme’s active site. a, Sequencing of gDNA from the HDR
library and populations of edited cells at D5, D8, and D11 reveals selection for synonymous
mutations, and depletion of frameshift, nonsense, and missense variants. b, Mean D11 enrichment
scores are plotted as line segments for SNVs in the 3’-most 73 bases of exon 2 and two bases of
intron 2. Above the enrichment scores in ascending order are the wt nucleotide at each position,
each one bp genome edit, the wild-type amino acid (AA), and the AA derived from each genome
edit (asterisk indicates a stop codon). Segment color indicates mutation type, faded segments
indicate discordant effects between replicates, and AAs are colored according to the Lesk color
scheme (small nonpolar — orange, hydrophobic — green, polar — magenta, negatively-charged —
red, and positively charged — blue). The first nine bases shown correspond to the active site
residues. ¢, D8 and D11 amino acid level enrichment scores were calculated for active site residues
N84, H85, E86 after excluding discordant observations between replicates. On both D8 and D11
we observe strong selective effects and tolerance of only synonymous (green boxes) and a few
missense variants.
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Figure 2.12. DBRI editing rates by position and comparison of haplotype abundances
between DS and the HDR library, D8, and D11.

a, Editing rates for programmed SNVs represented in the DBRI gDNA library above threshold (n
= 216) were calculated by normalizing each SNV’s gDNA abundance by its HDR library
abundance. Rates are plotted by position, with the locations of the targeted PAM (orange) and
selective PCR site (purple) indicated below. The editing rate did not significantly change with
position (P > 0.05), consistent with positional effects being negated by eliminating re-cutting and
performing selective PCR from a distal site. b, Scatterplots display the frequencies at which each
haplotype was observed in the D5 sample vs. the HDR library, D8, and D11 samples. To account
for bottlenecking from editing of a limited number of cells in this representative experiment,
analysis of individual haplotypes was restricted to those present at frequencies above SE-5 in the
D5 sample (n = 377; represented by the vertical line). Selection was evident by the depletion of
many haplotypes in D8 and D11 samples.
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Figure 2.13. Performance of computational predictions of deleterious DBRI mutations and
reproducibility between biological replicates.

a, D11 enrichment scores from a single experiment were used to empirically define deleterious
mutations as those with scores four-fold below wild type (vertical line). b, Three in silico metrics
of functional impairment were tested for their ability to anticipate the deleteriousness of these
mutations as indicated by the area under the receiver operating characteristic curve (AUC):
BLOSUMG62 (AUC =0.672, 214 SNVs), PolyPhen-2 (AUC =0.671, 155 non-synonymous SNVs),
and CADD (AUC = 0.701, 214 SNVs). Despite the different approaches of these algorithms, all
three exhibited comparably moderate predictive power. ¢, A biological replicate of the DBRI
experiment was performed and D11 enrichment scores for amino acid substitutions were well
correlated (gray lines on scatterplot indicate the “deleteriousness” threshold of four-fold
depletion). The distribution of amino-acid level enrichment scores for each experiment is displayed
along each axis, reflecting bimodality. Notably, unexpected effects (i.e. nonsense mutations
scoring as tolerated) were among the relatively small percentage of effects not consistent between
replicates.
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Chapter 3. ACCURATE FUNCTIONAL CLASSIFICATION
OF THOUSANDS OF BRCAI VARIANTS WITH
SATURATION GENOME EDITING

Chapter 3 is adapted from an unpublished manuscript under review as of March, 2018:
Findlay, G.M., Daza, R.M., Martin, B., Zhang, M.D., Leith, A.P., Gasperini,
M., Janizek, J.D., Starita, L.M., Shendure, J. (2018). Accurate functional

classification of thousands of BRCAI variants with saturation genome
editing. Submitted.

Upon publication, raw data and function scores will be made freely available for nonprofit uses,
as well as by nonexclusive license under reasonable terms to commercial entities that have
committed to open sharing of BRCAI sequence variants. Data and scores are owned by the

University of Washington and are not to be used commercially without licensing agreement.

3.1 ABSTRACT

Variants of uncertain significance (VUS) fundamentally limit the utility of genetic
information in a clinical setting. The challenge of VUS is epitomized by BRCAI, a tumor
suppressor gene integral to DNA repair and genomic stability. Germline BRCA 1 loss-of-function
(LOF) variants predispose women to early-onset breast and ovarian cancers. Although BRCA 1 has
been sequenced in millions of women, the risk associated with most newly observed variants
cannot be definitively assigned. Data sharing attenuates this problem but it is unlikely to solve it,
as most newly observed variants are exceedingly rare. In lieu of genetic evidence, experimental
approaches can be used to functionally characterize VUS. However, to date, functional studies of
BRCAI VUS have been conducted in a post hoc, piecemeal fashion. Here we employ saturation

genome editing to assay 96.5% of all possible single nucleotide variants (SNVs) in 13 exons that

44



encode functionally critical domains of BRCA1. Our assay measures cellular fitness in a haploid
human cell line whose survival is dependent on intact BRCA/ function. The resulting function
scores for nearly 4,000 SNVs are bimodally distributed and almost perfectly concordant with
established assessments of pathogenicity. Sequence-function maps enhanced by parallel
measurements of variant effects on mRNA levels reveal mechanisms by which loss-of-function
SNVs arise. Hundreds of missense SNVs critical for protein function are identified, as well as
dozens of exonic and intronic SNVs that compromise BRCA! function by disrupting splicing or
transcript stability. We predict that these function scores will be directly useful for the clinical
interpretation of cancer risk based on BRCAI sequencing. Furthermore, we propose that this
paradigm can be extended to overcome the challenge of VUS in other genes in which genetic

variation is clinically actionable.

3.2 INTRODUCTION

Despite our rapidly advancing knowledge of the genetic underpinnings of human disease,
our ability to predict the phenotypic consequences of an arbitrary genetic variant in a human
genome remains poor. This problem manifests most poignantly in the large numbers of ‘variants
of uncertain significance’ (VUS) identified in ‘clinically actionable’ genes, i.e. genes that are
already etiologically linked with a specific disease, and for which a definitive interpretation of the
variant as benign or pathogenic would significantly impact clinical care (Cooper, 2015; Rehm et
al., 2015).

The gene that perhaps best highlights the challenge of VUS is BRCAI. Germline variants
that disrupt BRCA1 function are associated with a hereditary predisposition to breast and ovarian
cancer (Friedman et al., 1994; Hall et al., 1990; Kuchenbaecker et al., 2017; Miki et al., 1994).

Functionally disruptive germline variants in BRCAI are clinically actionable, e.g. by more
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aggressive screening or prophylactic surgery, interventions which lead to improved outcomes
(Olopade and Artioli, 2004; Rebbeck et al., 2004). Furthermore, functionally disruptive somatic
BRCAI mutations influence how tumors respond to specific therapeutic agents, e.g. PARP
inhibitors (Chan and Mok, 2010; Farmer et al., 2005; Hollis et al., 2017). Clinical sequencing of
BRCAI, as well as many other genes linked to cancer predisposition such as BRCA2, PALB?2,
BARDI, ATM, etc., has the potential to implicate specific variants in disease (Easton et al., 2015).
Documented pathogenic BRCA 1 variants in the ClinVar database include complete or partial gene
deletions, frameshifting insertions and deletions (indels), nonsense SNVs, missense variants
detrimental to protein stability and function, and both intronic and exonic variants that perturb
splicing (Landrum et al., 2016). However, as of January 2018, over half of BRCAI SNVs in
ClinVar are classified as VUS. VUS are typified by rare missense SNVs, but also include variants
potentially affecting mRNA production, such as SNVs near splice junctions. Further indicative of
the challenge of variant interpretation, ClinVar is replete with BRCA! variants that have received
conflicting interpretations from different experts. Of 3,936 germline BRCAI SNVs currently
represented in ClinVar, only 983 are classified by an expert panel as ‘benign’ or ‘pathogenic’
without conflicting interpretations.

There are two major approaches for resolving VUS. The first approach, data sharing, relies
on the expectation that as BRCA [ is sequenced in increasing numbers of individuals (Cook-Deegan
et al., 2013), the recurrent observation of a specific variant in multiple individuals who either have
or have not developed breast and/or ovarian cancer will enable the definitive interpretation of that
variant. However, although this may be possible for some variants, given that the vast majority of
potential SNVs in BRCAI are exceedingly rare (Lek et al., 2016; Yang et al., 2017) and that the

phenotype is incompletely penetrant, it may be decades or centuries before sufficient numbers of
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humans are included in genotype-phenotype studies to accurately quantify cancer risk for each
individual rare variant.

The second approach, functional assessment, has spurred the development of diverse in
vitro assays for BRCAI (Millot et al., 2012). As the homology-directed DNA repair (HDR)
function of BRCAL is key for tumor suppression, one commonly used assay involves expressing
a BRCA1 variant in cells and assessing the integrity of the cells” HDR pathway via inducing repair
of a double strand DNA break in a fluorescent reporter construct (Pierce et al., 2001; Ransburgh
et al., 2010). Other approaches include assays for embryonic stem cell viability (Bouwman et al.,
2013), cell sensitivity to chemotherapeutic drugs (Bouwman et al., 2013), binding to known
partners such as BARD1 (Ransburgh et al., 2010; Starita et al., 2015), and minigene-based splicing
assays (de la Hoya et al., 2016; Steffensen et al., 2014). Computational tools can predict variant
effects based on features such as amino acid conservation. However, although many such metrics
correlate with pathogenicity, at present no computational tool is sufficiently accurate to be used
for the clinical interpretation of newly observed BRCA! variants in the absence of genetic or
experimental evidence (Ghosh et al., 2017; Richards et al., 2015).

Functional assessment of BRCA1 variants has historically been limited in several ways.
Chiefly, experimental studies are post hoc and have not kept pace with the scaling of BRCA1
sequencing and the accumulation of VUS. Additionally, assays that express variants as cDNA-
based transgenes removed from their genomic context (Ransburgh et al., 2010; Starita et al., 2015)
fail to assess effects on splicing or transcript stability, as well as potential artifacts of
overexpression (Gibson et al., 2013). Genome editing technologies provide a means to overcome
these challenges. Yet to our knowledge, genome editing has not yet been applied to functionally

characterize VUS in BRCA 1 or other genes similarly linked to cancer predisposition.
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Here we set out to apply genome editing to measure the functional consequences of all
possible SNVs in BRCA I, regardless of whether they have been previously observed in a human.
Given BRCAI’s immense size, this initial study focuses on 13 exons that encode the functionally
critical RING and BRCT domains. In each experiment, a single exon is subjected to ‘saturation
genome editing’ (Findlay et al., 2014), wherein all possible SNVs are simultaneously introduced
to a haploid human cell line in which BRCA is essential. Consequently, BRCA I variants that result
in nonfunctional alleles are depleted over time, a selection that is quantified by deep targeted
sequencing. We optimized this method to obtain function scores for 3,893 SNVs, comprising
96.5% of all possible SNVs in the targeted exons. These function scores are bimodally distributed
and nearly perfectly concordant with expert-based assessments of pathogenicity. We predict that
our functional classifications will be of immediate clinical utility, and argue that the scaling of this
approach to additional clinically actionable genes will substantially enhance the utility of genetic

testing.

3.3 RESULTS

3.3.1 Saturation genome editing of BRCAI exons

Many genes in the HDR pathway, including those associated with hereditary cancer
predisposition such as BRCAI, BRCA2, PALB2 and BARDI (Easton et al., 2015), were recently
identified in a gene trap screen as being essential in the human haploid cell line HAP1 (Blomen et
al., 2015) (Figure 3.1a). To validate this finding, we designed guide RNAs (gRNAs) to target
exons of each of these genes and assessed HAP1 cell viability after transfecting each gRNA on a
plasmid co-expressing Cas9 and a puromycin resistance cassette (Ran et al., 2013). High cell death
was evident by light microscopy (Figure 3.1b), and a luminescence-based survival assay

established that targeting any of these genes substantially reduces viability of HAP1 cells within
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one week (Figure 3.2). Deep sequencing of the edited loci of BRCA I-targeted cells confirmed that
cell death was consequent to mutations, as there was widespread selection against frameshifting
indels in favor of unedited loci and some in-frame indels (Figure 3.1c). Overall, these results
confirm the essentiality of HDR pathway components in HAPI cells and establish targeted
sequencing as a strategy to distinguish functional vs. non-functional BRCAI variants in a
population of edited HAP1 cells.

We next designed and optimized experiments for saturation genome editing (SGE)
(Findlay et al., 2014) (Figure 3.1d). We chose to focus on the thirteen exons of BRCA1 encoding
the RING (exons 2-5) and BRCT domains (exons 15-23) because these domains are essential for
the protein’s role as a tumor suppressor (Drost et al., 2011; Moynahan et al., 1999; Shakya et al.,
2011) and harbor missense variants known to be pathogenic or benign, as well as ~400 VUS or
variants with conflicting reports of pathogenicity (Easton et al., 2007; Landrum et al., 2016; Vega
et al., 2001). To create a library of repair templates, we used array-synthesized oligo pools
containing all possible SN'Vs spanning each exon and ~10 bp of adjacent intronic sequence. Oligo
pools for each exon were PCR-amplified and cloned into plasmids with homology arms to mediate
genomic integration and make ‘SNV libraries’. Each SNV library molecule also included a fixed
synonymous substitution at the target site to reduce re-cutting by Cas9 after successful HDR
(Findlay et al., 2014). Each SGE experiment targeted a single exon. In brief, a population of 20
million HAP1 cells was co-transfected on day 0 with the exon’s corresponding SNV library and
Cas9/gRNA plasmid. Successfully transfected cells were selected with puromycin (days 1-4),
expanded, and sampled on day 5 and day 11. Variant frequencies were quantified by targeted

amplification and sequencing of the edited exon from genomic DNA (gDNA) harvested on day 5
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and day 11. Negative controls were used to confirm that PCR amplicons were not derived from
the plasmid DNA of the SNV library.

We initially performed SGE experiments in replicate for each exon in wild-type (WT)
HAP1 cells. In each of the 13 exons, we observed depletion of frameshifting indels, confirming
intolerance to loss of BRCA 1 function (Figure 3.3). However, towards achieving more robust data,
we optimized SGE in HAP1 cells in two ways. First, to increase HDR rates in HAP1 cells, we
generated a monoclonal L/G4 knockout HAP1 line (HAP1-LigdKO) (Figure 3.4a-b). LIG4 acts
in the non-homologous end joining (NHEJ) pathway, and its depletion can increase the proportion
of cells with HDR-mediated repair of double-stranded breaks (Beumer et al., 2008; Ma et al.,
2016). We observed a median 3.6-fold increase in HDR rates on day 5 in HAP1-Lig4KO relative
to WT HAP1 (Figure 3.5a). Second, it is known that HAP1 cells can spontaneously revert to
diploidy (Essletzbichler et al., 2014a). Simply sorting HAP1 cells for 1N ploidy prior to editing
improved reproducibility (Figure 3.4c-e).

We next performed optimized SGE experiments for each of the 13 targeted exons in 1N-
sorted HAP1-Lig4KO cells, testing nearly every possible SNV per exon in replicate (Figure 3.5b).
Functional effects of SNVs on survival were determined by targeted DNA sequencing of each
SNV library as well as the edited exon in gDNA harvested on day 5 and day 11 (Figure 3.5c-e).
Additionally, targeted RNA sequencing of day 5 samples was used to determine how abundant
exonic SNVs were in BRCAI mRNA (Figure 3.5f). Because these optimizations resulted in greater
reproducibility (Figure 3.6), we moved forward with data from the 1N-sorted HAP1-Lig4KO cells

only.
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3.3.2  Function scores for 3,893 BRCAI SNVs

We sought to calculate function scores for each SNV in a way that accurately quantified
selection throughout the experiment while also minimizing experimental biases. First, we
calculated the log2 ratio of the SNV’s frequency on day 11 vs. its frequency in the original plasmid
library. Second, positional biases in editing rates were modeled (using day 5 SNV frequencies)
and subtracted (Figure 3.7). Third, to enable comparisons between exons, we normalized function
scores such that each experiment’s median synonymous and nonsense SNV matched global
medians. Finally, a small number of SNVs were filtered out that could not confidently be scored
(e.g. SNVs poorly represented on day 5; Figure 3.8). Altogether, we obtained function scores for
3,893 SNVs within or immediately intronic to these exons (Figure 3.5e). This corresponds to
96.5% of all possible SNVs in these regions.

Function scores for SNVs in these 13 BRCAI exons were bimodally distributed (Figure
3.5g). All nonsense SNVs scored below —1.25 (N = 138, median = -2.12), whereas 98.7% of
synonymous SNVs >3 bp from splice junctions scored above -1.25 (N = 544, median = 0.00). We
classified all SNVs as ‘functional’, ‘non-functional’, or ‘intermediate’ by fitting a two-component
Gaussian mixture model in which the parameters of the ‘non-functional’ distribution were based
on all nonsense SNV and the ‘functional’ distribution based on synonymous SNVs not depleted
in RNA (Figure 3.9). We then used this model to estimate the probability of each SNV’s score
being drawn from the non-functional distribution (Pys). SNVs with Ppr < 0.01 were categorized as
functional (72.5%); SNVs with Pps> 0.99 were categorized as non-functional (21.1%); and SNV
with 0.01 < Pyr < 0.99 (6.4%) were categorized as intermediate.

Rare missense variants in BRCA are particularly challenging to interpret clinically. Of the

missense SNVs that we scored here, 21.1% (441 of 2,086) scored as non-functional (Figure 3.5h).
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Although most of the remaining missense SN'Vs were functional (70.6%), there was an enrichment
for missense SN'Vs with intermediate effects (8.1%, compared to 4.4% of all other SNVs; Fisher’s
exact P=2.7x 10°).

An advantage of assaying variants by genome editing is that their impact on native
regulatory mechanisms such as RNA splicing can be ascertained (Findlay et al., 2014). Whereas
SNVs disrupting canonical splice sites (the two intronic positions immediately flanking each exon)
overwhelmingly scored as non-functional (89.5%) or intermediate (5.5%) (‘CS’ in Figure 3.5h).
SNVs positioned 1-3 bp into the exon or 3-8 bp into the intron had variable effects. We defined
SNVs in these regions that did not alter the amino acid sequence as ‘splice region’ variants, of
which 22.9% were non-functional (‘SR’ in Figure 3.5h), on par with missense SNVs (21.2% non-
functional). SN'Vs positioned more deeply in introns or in the 5> UTR were similar to non-splice-
region synonymous SNVs, in that they were much less likely to score as non-functional (intronic:

1.8% non-functional; 5> UTR: 0.0% non-functional; synonymous: 1.3% non-functional).

3.3.3  Function scores are nearly perfectly concordant with ClinVar

We next asked how well our function scores agreed with expert-based clinical variant
interpretations, where available in ClinVar. Of 169 SNVs deemed ‘pathogenic’ in ClinVar that
overlapped with our classifications, 162 were designated ‘non-functional’, 2 ‘functional’, and the
remaining 5 ‘intermediate’. In contrast, of 22 SNVs deemed ‘benign’ in ClinVar that overlapped
with our classifications, 1 was designated ‘non-functional’, 1 ‘intermediate’, and 20 ‘functional’
(Figure 3.10a). The three SNV for which our function scores are unambiguously discordant with
ClinVar are discussed further below. A ROC curve showed a sensitivity of 96.7% at 98.2%
specificity when we treat ‘likely pathogenic’ and ‘likely benign’ ClinVar annotations as

pathogenic and benign, respectively (Figure 3.10b). Importantly, our assay accurately predicts
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ClinVar interpretations independent of mutational consequence; sensitivity and specificity are high
for both missense and splice site SNVs when these are considered separately from nonsense SNV
(Figure 3.9f). We find 64 of 256 (25.0%) VUS and 60 of 122 (49.2%) SNVs with conflicting
interpretations to be non-functional in our assay (Figure 3.10c¢). Missense VUS from ClinVar were
significantly more likely to score as non-functional compared to missense SNVs absent from
ClinVar (25.9% vs. 17.2%, P = 0.002). Apart from largely corroborating established ClinVar
annotations, our scores also provide functional classifications for an additional 3,140 SNVs, the
vast majority of which have yet to be publicly reported in clinical sequencing. Of these SNV, 498
(15.9%) are classified as non-functional.

We also investigated the relationship between our function scores and SNV frequencies in
large-scale databases of human genetic variation. Of 302 assayed SNVs that overlap with the
Genome Aggregation Database (gnomAD) (Lek et al., 2016), higher allele frequencies were
associated with higher function scores (Figure 3.10d). For instance, 33 of 166 (19.9%) of singleton
gnomAD variants were non-functional, whereas only 8 of 136 SNVs (5.9%) seen in multiple
individuals were non-functional (Fisher’s exact P =3 x 10™*). A similar trend was observed with
the Bravo database (Figure 3.11a). The FLOSSIES database contains BRCA ! variants observed
in women over seventy years old who have not developed breast or ovarian cancer ((CSL STYLE
ERROR: reference with no printed form.]). Of 39 intersecting SNVs, only one scored as non-
functional (Figure 3.11b). Collectively, these observations show that BRCAI SNVs with higher
allele frequencies are more likely to be functional, as expected. However, the fact that >70% of
ClinVar variants and >95% of non-ClinVar variants that we assayed here have not been observed
even once in sequencing of >120,000 humans illustrates the challenges facing observational

approaches to variant interpretation.

53



Several computational metrics are currently used to the assess deleteriousness of variants
and often included in genetic testing reports. Although our function scores correlate with metrics
such as CADD (Kircher et al., 2014), phyloP (Pollard et al., 2010), and Align-GVGD (Tavtigian
et al., 2008), which are largely based on evolutionary conservation and biochemical properties of
missense variants, the modesty of these correlations underscores the value of functional assays
(Figure 3.10e,Figure 3.12a-g). ROC curve analysis restricted to missense variants reveals that
SGE-based function scores outperform these metrics at predicting pathogenicity status in ClinVar
(Figure 3.12h-1). This outperformance is likely underestimated because some of these metrics (e.g.
Align-GVGD) or their correlates (e.g. evolutionary conservation) informed the ClinVar

classifications of pathogenicity in the first place.

3.3.4  Mechanisms of BRCAI loss-of-function

To gain insights into the various mechanisms by which SNVs compromise function, we
performed targeted RNA sequencing of BRCAI transcripts from day 5 cells. We normalized SNV
frequencies in cDNA to their frequency in gDNA to produce mRNA expression scores (‘RNA
scores’) for 96% of the functionally characterized exonic SNVs. Together with function scores,
RNA scores enable fine mapping of molecular consequences of SNVs (Figure 3.13). For instance,
regions of exons 2 and 15 that respectively code for RING and BRCT domain residues contain
numerous loss-of-function missense variants. This contrasts with coding sequence in the same
exons that fall outside of the boundaries of these protein domains. Overall, 89% of non-functional
missense SNVs did not reduce RNA levels substantially, suggesting that their effects are likely
mediated at the protein level (Figure 3.14a). Many residues that are sensitive to missense SNV
not impacting RNA levels map to buried hydrophobic residues or to the zinc-coordinating loops

that are required for proper RING domain folding (Figure 3.14b-c). However, 11% of non-
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functional missense SNVs are depleted from RNA by 4-fold or more. Many of these SNVs map
outside of key protein-protein interfaces and rather in unstructured loops, suggesting that they
cause loss-of-function by lowering mRNA expression levels. Consistent with this, the 12
synonymous SNVs classified as non-functional also tended to markedly reduce mRNA levels
(median 5.4-fold reduction).

How do these exonic SNVs cause reductions in mRNA levels? Although other mechanisms
cannot be ruled out, many of the variants depleted in mRNA are likely impacting RNA splicing.
This is evidenced by an overrepresentation of non-functional SNVs near splice junctions, including
low scores for many SNVs at terminal G nucleotides of exons (Figure 3.13), non-functional exonic
SNVs with low mRNA levels that create new acceptor or donor sequences (SNVs annotated with
asterisks in Figure 3.14d), and the presence of short regions (~6-8 bp) in which many SNV have
moderate-to-strong effects on RNA levels, suggestive of exonic splice enhancers(Desmet et al.,
2009) (Figure 3.14e). Certain exons appeared particularly prone to harbor non-functional SNVs
with low RNA scores. In exon 16, for instance, 46 of 244 SNVs (excluding nonsense) were non-
functional (Figure 3.14e). Of these, more than half (n = 26) reduced RNA levels by more than 2-
fold, and nearly a third (n = 15) by more than 4-fold. In contrast, in exon 19, of 55 of 234 SNVs
(excluding nonsense) that were non-functional, none lowered expression by more than 2-fold
(Figure 3.14f). Exon 19 also completely lacks non-functional SN'Vs in its flanking intronic regions
(apart from the acceptor and donor sites), suggesting the exon is robustly spliced compared to other

€xXons.

3.3.5  Discordances with ClinVar Interpretations

We leveraged sequence-function maps in reviewing the evidence around the three SNVs

for which our classifications were clearly discordant with ClinVar. Discordant SNVs assayed in
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our preliminary experiments in WT HAP1 cells had similar scores, suggesting their classifications
are not secondary to noise in our assay (Figure 3.15). One missense SNV designated ‘pathogenic’
in ClinVar that we scored as functional, ¢.5359T>A (C1787S), was identified through segregation
with disease. However, in each case, it was seen in cis with a second SNV at the neighboring
amino acid position (Goldgar et al., 2004). Our data as well as data from other functional assays
(Woods et al., 2016) suggest ¢.5359T>A on its own is functional. The linked SNV ¢.5363G>T
(G1788D), however, scored as non-functional, calling into question the ClinVar annotation
(Figure 3.15¢).

A second disagreement was identified in the exon 2 splice acceptor, c.-19-2A>G. This SNV
was annotated as ‘pathogenic’ in ClinVar based on its occurrence at a splice acceptor site (Spurdle
et al., 2012a), rather than from having been associated with disease. Exon 2 contains the BRCA [
translation initiation codon, meaning that alternate splice forms may preserve the complete open
reading frame. Of note, CADD scores for SNVs across the exon 2 acceptor site were much lower
than for SNVs in other canonical splice sites (Figure 3.15d), and none of the 6 SNVs that we
introduced here scored as non-functional. Further supporting that this splice site is not essential
for BRCA1 function, RNA sequencing from breast and ovarian tissue in the GTEx database (GTEx
Consortium, 2013) shows this exon junction is poorly represented among BRCAI transcripts
(Figure 3.15e). This suggests that this acceptor site is likely dispensable both in our assay and in
tissues relevant to disease, again calling the ClinVar annotation into question.

Exon 16 harbored the third discordantly classified SNV, the ‘benign’ ¢.5044G>A
(E1682K) variant, which scored as non-functional in our assay. Of note, ¢.5044G>A resides in a
predicted exonic splice enhancer (ESE) (Desmet et al., 2009), and its low function score was

substantiated by a reduction in RNA levels of over 90% (Figure 3.14¢). Neighboring SNVs in
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the predicted ESE also reduced RNA expression, corroborating the element’s importance.
Although this missense SNV is rare (absent from gnomAD and Bravo), reports indicate it was
designated as benign based on being observed in frans with a variant considered pathogenic
(Easton et al., 2007), as biallelic BRCA I loss-of-function mutations are thought to be embryonic
lethal. The underlying data supporting this finding are not publically available, and previous

assays of this variant did not measure splicing consequences (Woods et al., 2016).

3.4 DISCUSSION

Here we applied saturation genome editing to the 13 exons that encode functionally critical
domains of the cancer risk gene, BRCAI, characterizing the functional consequences of nearly
4,000 SNVs in their native genomic context. Specifically, we used CRISPR/Cas9 to introduce
hundreds of SNVs per experiment, followed by deep sequencing to measure the functional
consequences of each SNV in parallel. Because we measured cell survival, the effects of SNVs on
multiple layers of gene function (e.g. RNA splicing, translation, protein function, protein stability)
are effectively integrated. The approach is validated by nearly perfect concordance of function
scores with available evidence for clinical pathogenicity.

Our experimental approach has several caveats. First, the exact requirements for BRCA1
function essential to maintaining in vitro viability and growth of HAP1 cells, as opposed to
mediating in vivo tumor suppression, are not known. For instance, we cannot rule out, differences
in splicing or dosage requirements between our in vitro model vs. in vivo physiology. Second, we
are not currently able to interrogate every possible SNV. Of note, most of the 3.5% of SNVs for
which we do not provide function scores were excluded by factors related to genome editing, rather

than because of sampling (Figure 3.8). Lastly, as these experiments were designed to measure
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loss-of-function in a haploid cell line, we are unable to detect all types of functional effects (e.g.

dominant negative variants).

Notwithstanding these limitations, we achieved nearly comprehensive coverage of the targeted
regions and our functional classifications are nearly perfectly concordant with current clinical
interpretations. As such, we anticipate that our results will be clinically useful, both for
adjudicating hundreds of observed variants whose interpretation is currently ambiguous, as well
as for providing immediate functional assessments for variants newly observed. Therefore, the
pressing question becomes how to best to integrate this functional data within existing clinical
variant classification schemes (Starita et al., 2017).

A benefit of functional data is that measurements are systematically derived, independent
of prior expectation (Gasperini et al., 2016). As such, function scores add an additional layer of
evidence to support interpretations of variants made through segregation with disease. However,
for the large number of VUS for which genetic evidence is insufficient, the predictive power
demonstrated here suggests function scores can be used to classify variants with >95% accuracy.
As current standards for defining ‘likely pathogenic’ and ‘likely benign’ variants accept a
comparable level of uncertainty (Plon et al., 2008), we argue that a failure to use appropriately
validated functional data to inform clinical care would be a missed opportunity. There is precedent
for incorporating functional data in interpretation guidelines (Richards et al., 2015), but the breadth
and predictive power demonstrated by SGE calls for an increased role. Indeed, given the low
likelihood that observational approaches will ever be sufficient to classify variants not yet seen
once in humans, we believe that there is a strong argument to be made for using highly predictive

function scores, where available, to inform initial interpretations of newly observed variants.
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The orthologous nature of SGE data also presents an opportunity for integration with other
data sources. For example, a multiplex reporter assay for HDR activity strengthens the functional
evidence presented here for BRCAI missense variants. Integration and optimal weighting of
experimental and computational approaches may also further improve classification of variants
lacking genetic evidence. In cases where evidence is contradictory, functional data may yield
specific hypotheses to test. For example, ¢.5044G>A, for which our data contradicts the ClinVar
interpretation (Figure 3.14e), would be disambiguated by testing BRCAI mRNA levels in
individuals harboring this SNV. Similar approaches should be taken to more confidently resolve
unlikely functional classifications, such as synonymous SNVs with low function scores and
canonical splice SNVs deemed functional. Furthermore, the ~6% of SNVs exhibiting intermediate
function scores remain beyond definitive interpretation. The fact that we observe an excess of
missense SNVs with intermediate scores suggests that some of these may be hypomorphic BRCA 1
alleles (Domchek et al., 2013; Lovelock et al., 2007; Spurdle et al., 2012b). Further studies will be
necessary to quantify the penetrance of intermediately functional variants.

Moving forward, our study provides a blueprint for comprehensive functional analysis of
all potential SNVs in clinically actionable genes for which appropriate assays can be developed.
Here, we prioritized BRCAI exons encoding the RING and BRCT domains, but SGE of the entire
coding sequence and promoter are also well motivated. Furthermore, the essentiality of BRCA2,
PALB2, BARDI, and RAD51C in HAP1 suggests that these genes are assayable by the same
method. For genes in other pathways, assays that are compatible with saturation genome editing
(e.g. drug selection, FACS on phenotypic markers, etc.) may need to be developed and validated.
For any gene tested, it is critical that functional measurements be calibrated to clinical evidence of

pathogenicity. Given that SGE tests variants in their endogenous genomic context, the scaling of
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SGE to many loci promises to improve our understanding of how diverse biological functions are
encoded by the genome.

Delivering on the promise of genomic medicine requires that we not only be able to cost-
effectively ascertain genetic variation, but also accurately and definitively interpret it. Presently,
interpretation is the rate limiting step. As a potential path forward, we show that saturation genome
editing is a viable strategy for functionally classifying thousands of variants in a clinically
actionable gene, most of which have yet to be observed in a human. With further scaling, we
anticipate that this paradigm will substantially improve the utility of genetic information in clinical

decision making.

3.5 METHODS

3.5.1  HDR pathway essentiality analysis in HAPI cells

HAP1 cells were derived from KBM?7 cells (a near-haploid immortalized chronic
myelogenous leukemia line) by introduction of induced pluripotent stem cell factors (Carette et
al., 2011). HAP1 gene essentiality scores were obtained (Blomen et al., 2015) and filtered on genes
with greater than 20 mapped gene-trap insertions (N = 14,306). Of 78 HDR genes defined by the
GO term ‘double-strand break repair via homologous recombination’ (GO:0000724), 66 were
among the 14,306 genes included in analysis. To rank genes by essentiality, they were first ordered
by g-value (low to high) and second by the proportion of gene-trap insertions in the sense
orientation (low to high). HDR pathway genes implicated in cancer (labelled in Figure 3.1) were
defined as those included on the University of Washington BROCA sequencing panel (Walsh et

al., 2010).
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3.5.2  gRNA design and cloning

All CRISPR gRNAs used in SGE and essentiality experiments were cloned into pX459
(Ran et al., 2013). This plasmid expresses the gRNA from a U6 promoter, as well as a Cas9-2A-
puromycin resistance (-puroR) cassette. S. pyogenes Cas9 target sites were chosen for SGE
experiments on multiple criteria, assessed in the following order: 1.) To induce cleavage within
BRCAI coding sequence, 2.) To target a genomic site permissive to synonymous substitution
within the guanine dinucleotide of the PAM or the protospacer, 3.) To have minimal predicted off-
target activity (Hsu et al., 2013), 4.) To have maximal predicted on-target activity (Doench et al.,
2016).

Complementary oligos ordered from Integrated DNA Technologies (IDT) were annealed,
phosphorylated, diluted and ligated into BbsI-digested and gel-purified pX459, as described (Ran
et al., 2013). Ligation reactions were transformed into E. coli (Stellar competent cells, Takara),
which were plated on ampicillin. Colonies were cultured and Sanger sequenced to confirm correct
gRNA sequences. Purification of sequence-verified plasmids for transfection was performed with
the ZymoPure Maxiprep kit (ZymoResearch). For targeting L/G4 in HAP1 cells, pX458 (Ran et

al., 2013) was used instead of pX459, which expresses EGFP in lieu of puroR.

3.5.3  HDR library design and cloning

Array-synthesized oligos were designed as follows for each saturation genome editing
region (i.e. a BRCAI exon). The sequence to be mutated (~100bp) was obtained from the human
genome (hg19) and a synonymous substitution was introduced at the chosen Cas9 target site (e.g.
a substitution at the PAM site). This ‘fixed’ substitution in the library was included in design to
serve multiple purposes: 1.) plasmid library molecules harboring the substitution are predicted to

be cleaved less frequently by Cas9:gRNA complexes, 2.) SNVs introduced to cells are predicted
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to be depleted via Cas9 re-cutting less frequently as a consequence of the fixed substitution, and
3.) sequencing reads can be filtered on the fixed substitution to distinguish true SN'Vs introduced
via HDR from sequencing errors. A second synonymous substitution at an alternative CRISPR
target site was introduced to the sequence as well, such that each exon’s SNV library would be
compatible with multiple gRNAs. Next, a sequence was created for every possible single
nucleotide substitution on this template (Table 3.1). For all sequences, adapters were added to
both ends to enable PCR amplification from the oligo pool. For each SGE region, the total number
of oligos designed was three times the length of the region, plus the oligo template without any
SNV (e.g. for a 100 bp SGE region, 301 total oligos were designed).

Pooled oligos were synthesized (Agilent Technologies). Primers designed to amplify the
subset of oligos corresponding to a single exon’s region were used to perform PCR with Kapa HiFi
Hot-start Ready Mix (‘Kapa HiFi’, Kapa Biosystems). PCR products were purified with Ampure
beads (Agencourt) to be used in subsequent library cloning reactions.

Homology arms were cloned into pUC19 by PCR-amplifying (Kapa HiFi) regions
surrounding each targeted exon from HAP1 gDNA. Primers for these reactions were designed such
that homology arms would be between 600 and 1,000 bp on both sides of the targeted region.
Adapters homologous to pUC19 were added to primers to facilitate NEBuilder HiFi Assembly
cloning (NEB) into a linearized pUC19 vector. Cloning reactions were transformed into Stellar
competent cells and selected with ampicillin. Plasmid DNA was isolated from colonies (Qiagen
MiniPrep kit) and sequence-verified.

To make the HDR library, homology arm plasmids were linearized via PCR using primers
that conferred 15-20 bp of terminal overlap with the adapter sequences flanking each PCR-

amplified oligo pool. This sequence overlap enabled cloning via the NEBuilder HiFi Assembly
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Cloning Kit (NEB). Cloning reactions were transformed into Stellar competent cells, and a small
proportion (1%) of the transformation was plated on ampicillin-containing plates to assess
efficiency. All remaining transformed cells were grown directly in 100 ml of media with ampicillin
for 16-18 hours, and plasmid DNA from the culture was isolated (ZymoPure Maxiprep kit) to

produce each final HDR library.

354 HAPI cell culture

Quality-controlled WT HAP1 cells were purchased (Haplogen/Horizon Discovery) and
cultured in media comprising Iscove’s Modified Dulbecco’s Medium (IMDM) with L-glutamine
and 25 mM HEPES (GIBCO) supplemented with 10% fetal bovine serum (Rocky Mountain
Biologicals) and 1% penicillin-streptomycin (GIBCO). Cells were grown on plates at 37C with
5% CO2, and passaged prior to becoming confluent. For routine passaging, cells were washed
once with 1x phosphate buffered saline (PBS, Gibco), trypsinized with 0.25% trypsin with EDTA
(Gibco), resuspended in media, centrifuged for 5 min at 300 rcf, and then resuspended and plated.

A monoclonal L/G4 knock-out HAP1 line (HAP1-LigdKO) was generated by transfecting
a plasmid expressing a Cas9-2A-GFP cassette and a gRNA targeting the human L/G4 coding
sequence (gRNA sequence: 5’-GCATAATGTCACTACAGATC) into WT HAP1 cells. Single
GFP-expressing HAP1 cells were sorted into wells of a 96-well plate and cultured. After two
weeks, gDNA was harvested and Sanger sequencing was performed to assess LIG4 editing. A
clone with a 4bp deletion was identified and expanded further for use in saturation genome editing
experiments.

HAP1 cells can spontaneously revert to a diploid state in cell culture. Therefore, to sort a
IN-enriched population of cells prior to transfection, cells were stained for DNA content with

Hoechst 34580 (BD Biosciences) at 5 pg/ml media for 1h at 37C. FACS was performed to isolate
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1-2 x 10° cells from the lowest intensity Hoechst peak, corresponding to 1N ploidy. These cells

were expanded for seven days prior to transfection.

3.5.5 Transfection of HAPI cells

For all experiments, HAP1 cells were transfected using TurboFectin 8.0 (Origene)
according to manufacturer’s protocol. A 2.5x volume of Turbofectin was added to the transfection
mix for each pg of plasmid DNA in Opti-Mem (Life Technologies). For each SGE transfection,
10 million cells were passaged to a 10 cm dish. The next day (day 0), cells were co-transfected
with 12 pg of the Cas9/gRNA plasmid (pX459) and 3 pg of the SGE library corresponding to a
single exon. For negative control transfections, a pX459 vector targeting HPRT was used instead.
On day 1, cells were passaged into media supplemented with puromycin (1 pg/ml) to select for
successfully transfected cells. On day 4, cells were washed twice and passaged to 6 cm plates in
regular media.

Cell populations were sampled on day 5 and day 11 for all SGE experiments. On day 5,
half of the cells were pelleted and frozen and the other half passaged. The cells were passaged on
day 8 into 15 cm dishes and then harvested on day 11. Negative control transfections were
harvested on day 5.

For the luminescence-based viability assay, HAP1 cells were plated at ~35-40%
confluency in a 6-well dish (approximately 1.2 million cells per well per target) then transfected
with 1.5 pg Cas9/gRNA plasmid targeting coding exons of HDR genes or controls the following
day. 24 hours after transfection the cells were plated in time-point triplicates at 20,000 cells per
well in 96-well clear bottom plates in media with and without puromycin. Cells without puromycin

were assessed 4 hours after plating to establish baseline absorbance for each target. Cell survival
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was assessed at day 2, day 5, and day 7 post-transfection using the CellTiterGlow reagent
(Promega, 1:10 dilution of suggested reagent). Luminescence at 135 nm absorbance was measured

using a Synergy plate reader (Biotek Instruments).

3.5.6  Nucleic acid sampling and sequencing library production

For obtaining WT HAP1 genomic DNA for cloning homology arms and for genotyping
the HAP1-LigdKO cell line, DNA was isolated using the DNeasy kit (Qiagen). For each SGE
experiment, DNA and total RNA were purified using the AllPrep kit (Qiagen). DNA samples were
quantified with the Qubit dSDNA Broad Range kit (Thermo Fisher) and RNA samples by UV
spectrometry (Nanodrop). PCR primers for genomic DNA were designed such that one primer
would anneal outside of the homology arm sequence, thereby selecting for amplicons derived from
gDNA and not plasmid DNA. PCR conditions were optimized using gradient qPCR on WT HAP1
gDNA.

All gDNA harvested from the population of day 5 cells was sampled by performing many
PCR reactions in parallel on a 96-well plate, using 250 ng of gDNA per 50 pl reaction such that
all day 5 gDNA was used in PCR (Kapa HiFi). At least as many PCR reactions were performed
for day 11 samples (which yielded more gDNA) to ensure adequate sampling. PCRs were
performed for the minimal number of cycles needed to complete amplification, with cycling
conditions as specified in the Kapa HiFi protocol. An additional PCR was performed using day 5
gDNA from negative control transfections for each exon.

After PCR, multiple wells of amplicons from the same sample were pooled and purified
using Ampure beads. Next, a nested qPCR was performed using the first reaction as template to
produce a smaller amplicon with custom sequencing adapters (‘PUIL’ and ‘PUIR’), which was

likewise purified with Ampure beads. The SGE libraries were also PCR-amplified at this step,
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starting from 50 ng of plasmid DNA. Lastly, a final qPCR was performed using purified products
from the second reaction as template to add dual sample indexes and flow cell adapters.

RNA was sampled from day 5 HAPI1-LigdKO cells (AllPrep, Qiagen). Reverse
transcription followed by RNase H treatment was performed on all RNA harvested or a maximum
of 5 ng per sample (Superscript IV Kit, Life Technologies). This reaction was primed with a gene-
specific primer complementary to the 3> UTR in exon 23 of BRCAI. Primers were designed for
each exon to amplify across exon junctions, and reaction conditions were optimized using gradient
PCR. cDNA was distributed into 5 equal PCR reactions, which were run on a qPCR machine and
then pooled in equal ratios. Flow cell adapters and sample indexes were added in an additional
reaction (as for gDNA samples).

All sequencing libraries were purified with Ampure beads, quantified with the Qubit
dsDNA High Sensitivity kit (Life Technologies), diluted and denatured for sequencing in

accordance with protocols for the Illumina NextSeq or MiSeq machines.

3.5.7  Sequencing and data analysis

Sequencing was performed on an [llumina NextSeq or MiSeq instrument, allocating about
3 million reads to each gDNA and cDNA sample, 1 million reads for each HDR library, and
500,000 reads for each negative control sample. gDNA samples for individual exons were
sequenced on the same run. 300 cycle kits were used, with 150 cycles for read 1 and read 2 each,
and 19 cycles for dual index reads. Custom sequencing primers and indexing primers are available
upon request. [llumina PhiX control DNA was added to each sequencing run (~10% MiSeq, ~30-
40% NextSeq) to improve base calling.

Ilumina’s bel2fastq 2.16 was used to call bases and perform sample demultiplexing and

fastqc 0.11.3 was run on all samples to assess sequencing quality. SeqPrep was used with the
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following parameters to perform adapter trimming and to merge perfectly matched overlapping
read pairs:

‘A GGTTTGGAGCGAGATTGATAAAGT -B CTGAGCTCTCTCACAGCCATTTAG

-M 0.1 -m 0.001 -q 20 -0 20°.
Merged reads containing ‘N’ bases were removed. Reads from cDNA samples were removed if
they contained indels or did not perfectly match transcript sequence flanking each targeted exon.
Remaining cDNA reads were processed to match genomic DNA amplicons by removing flanking
exonic sequence and replacing it with the exon’s corresponding intronic sequence. All reads were
then aligned to reference gDNA amplicons for each exon using the needleall command in the
EMBOSS 6.4.0 package with the following parameters:

‘-gapopen 10 -gapextend 0.5 -aformat sam’.
Reads not aligning to the reference amplicon (alignment score < 300) were removed from analysis.
To analyze indels, unique cigar counts were quantified from day 5 and day 11 samples using a
custom Python script. Reads were classified as HDR events for rate calculations if the programmed
edit or edits to the PAM or protospacer (HDR marker edits) were observed in the alignment.
Variants without identifiable markers of HDR were not used. Abundances of SNVs were
quantified only from aligned reads that had no other mismatches or indels, except for the HDR
markers. SNV reads with only the cut-site proximal HDR marker were summed with reads that
had both HDR markers to get total abundances for each SNV in each sample, to which a
pseudocount of 1 was added to all variants present in either the library, day 5 or day 11 sample.
Frequencies for each SNV were calculated as SNV reads over total reads. SNV measurements

from WT HAP1 cells and HAP1-Lig4KO cells were processed separately at all steps.
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3.5.8  Modeling positional biases of library integration

Positional biases in editing rates were modeled for each SNV by using a LOESS regression
to fit the log2 day 5 over library ratios as a function of chromosomal position. To avoid modeling
biological effects instead of positional effects, the model was fit only on the subset of SNVs that
were not substantially depleted between any two timepoints in the experiment (i.e. SN'Vs with day
5 over library ratios > 0.5 and day 11 over day 5 ratios > 0.8.). The regression was performed for
each exon replicate, using the ‘loess’ function in R with span = 0.15. Each model was extended
flatly outward to include any positions not fit (a total of 22 nucleotides of sequence on the edges
of the edited regions). We subtracted each SNV’s positional fit (e.g. the model’s output) from the

SNV’s log2 day 11 over library ratio to get position-adjusted ratios for each SNV.

3.5.9  Normalizing scores within and across exons

Position-adjusted log2 day 11 over library ratios were normalized first across exon
replicates, and then across all exons assayed. Scores from within each replicate were linearly scaled
such that the median synonymous and median nonsense SNVs within the replicate were set to the
median synonymous and median nonsense SNV values averaged across replicate experiments. The
ensuing SNV scores for each replicate were then normalized across exons in the same way by

again using median synonymous and median nonsense SNVs.

3.5.10 SNV functional class assignment

Function scores were averaged across replicates and a mixture model was used to estimate
the probability that each SNV’s score was drawn from the non-functional distribution of scores.
The non-functional distribution was defined as nonsense SNVs across all exons. The functional

distribution was defined as exonic synonymous SNVs not within 3 bp of splice junctions and with
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RNA scores within 1 standard deviation of the median synonymous SNV. This definition does not
fully guarantee that these SNVs have no functional consequence. The means and variances of the
‘non-functional’ and ‘functional’ groups were fixed and a model was fit using the normalmixEM
function of the mixtools package in R, with starting component proportions set to 0.5. The posterior
probabilities generated from the model were used as point estimates of the probability of drawing
each SNVs score from the non-functional distribution (Pyy). Functional classifications were made
by setting thresholds for P.r as follows: Pyr > 0.99 = ‘non-functional’, 0.01< Py < 0.99 =
‘intermediate’, Py <0.01 = ‘functional’.

Independent of mixture modelling, ROC curves were used to assess performance of SGE
data and other metrics’ ability to predict assigned ClinVar classifications. These analyses were
performed with the plotROC package in R, and Youden’s J-statistic was calculated (sensitivity

plus specificity minus 1) to determine optimal values reported in text.

3.5.11 Variant filtering

A small minority of SN'Vs that could not be accurately scored were removed from analysis.
If a SNV was not present in the HDR library at a frequency over 1 in 10%, it was presumed to have
been lost in oligo synthesis or cloning and was removed. Additionally, if a SNV was not observed
with complete HDR markers at a frequency over over 1 in 10° in day 5 genomic DNA samples
from both replicate experiments, it was removed. SNVs introduced near the CRISPR recognition
site have the potential to facilitate Cas9 re-cutting of the locus (e.g. by replacing the PAM edit or
introducing an alternative PAM site). Because these SN'Vs are likely to score lower consequent to
Cas9 editing biases and not their effects on gene function, SNVs were filtered that created
increased potential for re-cutting as follows: When an HDR marker mutation used to disrupt

editing occurred at position 2 of the PAM (e.g. ‘NGG’ to ‘NCG’), SNVs that replaced this marker
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with an alternate base were removed to prevent biases introduced by re-cutting non-canonical S.
pyogenes Cas9 PAMs (e.g. ‘NAG’, ‘NTG’). Additionally, variants that created a new PAM 1 bp
3’ of the mutated PAM were excluded due to the potential for re-cutting (e.g. unedited PAM: 5°-
NGGA, edited PAM with HDR marker: 5’-NCGA, filtered out SNV that creates new PAM +1bp
3’: 5°-NCGG). (Figure 3.8 describes re-cutting observed at alternative PAMs.) To prevent
misinterpretation, we also removed SNVs that created amino acid changes specific to the context
of the library’s fixed edits (e.g. if in the unedited background, the SNV causes an X to Y change,
but with a fixed edit in the same codon, the SNV causes an X to Z change). We also applied this
logic to remove SNVs that introduced splice donor sites only in the context of the edited PAM,
and SNVs that create splice donor sites in the unedited context but not in the context of the edited
PAM.

The RNA scores for exon 18 samples were neither well correlated across replicates nor
with SNV abundances in genomic DNA, indicating likely bottlenecking in library preparation.
Therefore, RNA data from exon 18 was excluded. WT HAP1 function scores from exon 22 were
excluded because there was an unusually high correlation between SNV frequencies sampled from
the plasmid library and from day 5 gDNA, suggesting plasmid contamination in gDNA
sequencing. This problem was fixed by designing a new primer to prepare gDNA sequencing

samples from HAP1-Lig4KO cells.

3.5.12  External data sources and software

Variant annotations were downloaded from CADD (Kircher et al., 2014) version 1.3

(http://cadd.gs.washington.edu/download). This included the following scores: mammalian

phyloP, Grantham deviation, SIFT, Polyphen-2, and CADD. Align-GVGD scores were obtained

by running the Align-GVGD program on BRCA1 sequences conserved to sea urchin. ClinVar data
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were downloaded on 1/2/2018 for all germline SNVs with at least a 1-star annotation. SNVs
annotated as ‘Benign/Likely benign’ were grouped with ‘Likely benign’ SNVs and SNVs
classified ‘Pathogenic/Likely pathogenic’ were grouped with ‘Likely pathogenic’ SNVs. SNV

allele frequencies were obtained from http://gnomad.broadinstitute.org/ on 12/26/2017 for

gnomAD (Lek et al., 2016), from https://bravo.sph.umich.edu/freeze5/hg38/ on 11/19/2017 for

Bravo, and from https://whi.color.com/ on 10/9/2017 for FLOSSIES data. Transcript data was
obtained from GTEx on 1/3/2018. Throughout this study, BRCAI exons, coding nucleotide
positions, and amino acid positions are referenced by the ClinVar transcript annotation for BRCA 1,
transcript NM_007294.3 (NCBI).

All statistical tests described were performed as two-tailed tests using the R software

package. Custom scripts for analyzing sequencing data were written in Python and R.
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Figure 3.1. BRCAI and other HDR pathway genes are essential in HAP1 cells.

a, The g-value rankings of HDR pathway genes (N = 66, defined by Gene Ontology) among 14,306
genes scored in a HAP1 gene trap screen for essentiality (Blomen et al., 2015) are indicated with
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tick marks. Essential HDR genes are colored red and those implicated in cancer predisposition are
labelled in the enlargement below. Of the 66 HDR pathway genes scored, 34 including BRCA I
were ‘essential’, a 3.4-fold enrichment compared to non-HDR genes (Fisher’s exact test P = 6.1 x
10"%). b, HAPI cell populations were transfected with a Cas9/gRNA plasmid either targeting the
non-essential gene HPRT1 (control) or exon 17 of BRCAI on day 0. Successfully transfected cells
were selected with puromycin (days 1-4) and cultured until day 7, at which point cells were washed
prior to imaging. Images are representative of two transfection replicates. ¢, The targeted BRCA!
exon 17 locus was deeply sequenced from a population of transfected cells sampled on day 5 and
day 11. The fold-change from day 5 to day 11 for each editing outcome observed at a frequency
over 0.001 in day 5 sequencing reads is plotted. All alleles but indel-free sequences and two in-
frame insertions were depleted. d, Saturation genome editing experiments were designed to
introduce all possible SNV across thirteen BRCAI exons encoding the protein’s RING (exons 2-
5) and BRCT domains (exons 15-23). For each exon, a Cas9/gRNA construct was designed to be
transfected with a library of plasmids containing all SNVs across ~100 bp of genomic sequence
(the ‘SNV library’). SNV libraries were designed to saturate a total of 1,345 bp of genomic
sequence, spanning BRCT and RING domain coding regions and adjacent intronic sequences.
SNV library plasmids contain homology arms to mediate genomic integration, as well as fixed
synonymous variants within the CRISPR target site to prevent Cas9 re-cutting. Upon HAP1 cell
transfection of each Cas9/gRNA plasmid / SNV library pair, successfully edited cells harbor a
single BRCAI SNV from the library. Cells are sampled 5 and 11 days after transfection and
targeted gDNA and RNA sequencing is performed to quantify SNV abundances. SNVs
compromising BRCA function are selected against, manifesting in reduced gDNA representation,
and SN'Vs impacting mRNA production are depleted in RNA samples relative to gDNA.
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Figure 3.2. CRISPR targeting of HDR pathway genes to confirm essentiality in HAP1 cells.

a, Schematic; HAP1 cells are transfected with a plasmid expressing a gRNA and a Cas9-2A-
puromycin cassette (Ran et al., 2013) . Due to low transfection rates for HAP1 cells, puromycin
selection reduces viable cells in all transfections. Over time, however, CRISPR targeting of non-
essential genes leads to increased cell growth compared to CRISPR targeting of essential genes.
b, Cell viability of HAP1 cells transfected with Cas9/gRNA constructs targeting different HDR
genes and controls (HPRTI1, TP53) was measured using the CellTiterGlow assay. Luminescence
is proportional to the number of living cells in each well when the assay is performed. Triplicate
wells for each gRNA at each time point were processed, quantified on a plate reader and averaged.

74



HAP1-Lig4KO HAP1 HAP1-Lig4KO

X

r 0
oo
2x

R 20-—— - — =

eX

=N
coo
1
I
|
' 2
1
1
1
eXx
NN
coo

o
1

l
|

X

E
b
&

- JE e
40~ i
30~ x 60- : : «
20- 5 40- i : x
10 20~ : i <
- - -—— 0- S _———
40- i i
30~ < 60~ T :
(& ;B - L3
- R —— 2% L BN
] . c o .
T 40- i [ I .
£30- . > 60~
© 20- ! Z Bao- : : ol
> 10~ ~ D20~ . 1 N
,518_ _.d — §28_ __ i
S 40- o - i |
: % | :
. = : S
10~ 20 H
0- __“ PR ——— S 0 _ I
40~ t i
3 60-

1
61X
o838
!
1
|
61X

o
I

40
30 x &0 : x
20 N 0 ! X
10 °© 20 :
- -l 0 i T

40 I N i
30 . % 28_ H «
29 ‘ R 50- I R

0- R 0- I I
40~ 3 R I
30~ . o 28- «
20~ + ' ] T I N
10- : i > 20~ : :

0- i RS = = 0= L - E—
40- i H ) I
30~ T < 28_ H i x
20- f b 1 I 8
10- : @ 20- _. i T

0- i 0 - ‘ - pememmallan 0- . y ¥ , 1 S, o e L

-90 -60 -30 0 30 -100 -50 0 -4 -2 0 2 -3 -2 -1 0
Indel size Day 11 /day 5 (log10)
IDeletion Ilnsertion I In-frame I Frameshifting

Figure 3.3. Analysis of Cas9-induced indels observed in BRCAI SGE experiments.

Variants observed in gDNA sequencing were included in this analysis if i) they aligned to the
reference with either a single insertion or deletion within 15 bp of the predicted Cas9 cleavage site
and ii) were observed at a frequency greater than 1 in 10,000 reads in both replicates. a, Histograms
show the number of unique indels observed of each size, with negative sizes corresponding to
deletions. More unique indels were observed in WT HAP1 cells compared to HAP1-Lig4KO cells
for exons compared (WT data for exon 22 was excluded). b, Day 11 over day 5 indel frequencies
were normalized to the median synonymous SNV in each replicate and then averaged across
replicates to measure selection on each indel. The distribution of selective effects is shown for
each experiment as a histogram, in which indels are colored by whether their size was divisible by
3 (i.e. ‘in-frame’ vs. ‘frameshifting’). Whereas frameshifting variants were consistently depleted,
some exons were tolerant to in-frame indels.
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Figure 3.4. HAP1 cell line optimizations for saturation genome editing to assay essential
genes.

a, A gRNA targeting Cas9 to the coding sequence of LI/G4, a gene integral to the non-homologous
end-joining pathway, was cloned into a vector co-expressing Cas9-2A-GFP (Ran et al., 2013). WT
HAP1 cells were transfected, and single GFP-expressing cells were sorted into wells of a 96-well
plate. Eight monoclonal lines were grown out over a period of three weeks and screened using
Sanger sequencing for frameshifting indels in LIG4. The Sanger trace shows the frameshifting
deletion present in the clonal line chosen for subsequent experiments, referred to as ‘HAPI1-
LigdKO’. b, To purify HAPI cells for haploid cells, live cells were stained for DNA content with
Hoechst 34580 and sorted using a gate to select cells with the lowest DNA content, corresponding
to IN cells in G1. c-e, Plots comparing SNV function scores across replicate experiments for exon
17 saturation genome editing experiments performed in unsorted WT HAP1 cells (¢), HAPI-
Lig4KO cells (d), and WT HAPI cells sorted on IN ploidy (e). Both L/G4 knockout and IN-
sorting improved replicate correlations.
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Figure 3.5. Saturation genome editing enables functional classification of 3,893 BRCAI
SNVs.

a, HDR editing rates were calculated for each exon as the fraction of day 5 reads containing the
SNV library’s fixed synonymous variant (i.e. an ‘HDR marker’ edit). The average of two WT
HAPI replicates and two HAP1-Lig4KO replicates is plotted for comparison. (Asterisk denotes
missing exon 22 data.) b, The fraction of all possible SNVs scored is shown for each exon. SNV
were excluded mainly due to proximity to the HDR marker and/or poor sampling (Figure 3.8 and
Methods). c-f, Reproducibility was assessed across all exon replicates (Figure 3.6).
Measurements for exon 17 SNVs assayed in HAP1-Lig4KO cells are plotted to show correlations
of day 5 frequencies (¢, p = 0.97), day 11 over library ratios (d, p = 0.95), function scores (e, p =
0.88), and RNA expression scores (f, p = 0.61). g, A histogram of 3,893 SNV function scores
(averaged across replicates and normalized across exons) shows how each category of mutation
compares to the overall distribution. h, The number of SNVs within each category of mutation is
plotted and colored by functional classification determined by SGE. (NS = nonsense, CS =
canonical splice, SYN = synonymous, INT = intronic, SR = splice region, 5’UTR = 5’ untranslated
region, MIS = missense.

77



WT HAP1
values within single replicates values across replicates CADD

Exon 2, r1
Exon 2, r2
Exon 3, r1
Exon 3, r2
Exon 4, r11
Exon 4, r2
Exon 5, r1
Exon 5, r2
Exon 15, r1
Exon 15, r2
Exon 16, r1
Exon 16, r2
Exon 17, 11
Exon 17, r2
Exon 18, r1
Exon 18, r2
Exon 19, r11
Exon 19, r2
Exon 20, r1
Exon 20, r2
Exon 21,11
Exon 21, r2
Exon 22, r11
Exon 22, r2
Exon 23, r1
Exon 23, r2

HAP1-Lig4KO -1 -05 0 05 1
Spearman correlation
values within single replicates values across replicates CADD

Exon 2, r1
Exon 2, r2
Exon 3, r1
Exon 3, r2
Exon 4, r11
Exon 4, r2
Exon 5, r11
Exon 5, r2
Exon 15, r1
Exon 15, r2
Exon 16, r1
Exon 16, r2
Exon 17, 11
Exon 17, r2
Exon 18, r1
Exon 18, r2
Exon 19, r1
Exon 19, r2
Exon 20, r1
Exon 20, r2
Exon 21,11
Exon 21, r2
Exon 22, r11
Exon 22, r2
Exon 23, r1
Exon 23, r2

Figure 3.6. Correlations for SNV measurements within single experiments, across
transfection replicates, and to CADD scores for all SGE experiments.

Heatmaps indicate Spearman correlation coefficients for SNV measurements from experiments in
WT HAPI cells (a) and in HAP1-Lig4KO cells (b). Gray boxes indicate absent RNA data from
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WT HAPI1 cells. The four leftmost columns show how SNV frequencies correlate between samples
from within a single replicate experiment. The unusually high correlations between exon 22 SNV
frequencies in the plasmid library and in day 5 gDNA samples from WT HAPI1 cells suggests
plasmid contamination in gDNA. Indeed, primer homology to a repetitive element in the exon 22
library was identified. Consequently, the WT HAP1 exon 22 data was removed from analysis and
a different primer specific to gDNA was used to prepare exon 22 sequencing amplicons from
HAP1-Lig4KO cells. The low HAP1-LigdKO correlations between exon 18 SNV frequencies in
day 5 gDNA and RNA and between RNA replicates suggests RNA sample bottlenecking
consequential to low RNA yields. Therefore, exon 18 RNA was also excluded from analysis.
Consistent with the higher rates of HDR-mediated genome editing (Figure 3.5a), replicate
correlations (middle columns) were generally higher in HAP1-Lig4KO cells than WT HAP1 cells.
CADD scores predict the deleteriousness of each SNV, and are therefore negatively correlated
with function scores (rightmost columns).
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Figure 3.7. Models of SNV editing rates across BRCAI exons account for positional biases.

a, Gene conversion tracts arising during HDR in human cells are short such that library SN'Vs are
introduced to the genome more frequently near the CRISPR target site. We modelled this
positional effect in our data using a LOESS regression fit on day 5 over library SNV ratios. Plots
shown here are of the average of two replicate experiments per exon, with the black line indicating
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the LOESS regression. By day 5 sampling, selective effects on gene function are evidenced by
nonsense SNVs (red) appearing at lower frequencies compared to neighbouring SN'Vs. Therefore,
to best approximate the SNV editing rate as a function of position alone (i.e. the ‘baseline’), the
regression excluded SN'Vs that were selected against between day 11 and day 5 (see Methods).
b,c, Day 11 over library SNV ratios were adjusted by the positional fit for each experiment in
calculating function scores. This adjustment is illustrated here for an exon 3 replicate by plotting
the ratio as a function of position before (b) and after (¢) adjustment. The elevated day 11 over
library ratios for SNVs near the CRISPR target site are corrected to achieve a more uniform
baseline across the mutagenized region. d,e, The distributions of SNV day 11 over library ratios
before and after accounting for positional effects are shown, colored by mutational consequence
(pre-filtering, N = 4,002).
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Figure 3.8. SNV filtering to prevent erroneous functional classification.
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a, The flow chart describes filters used to produce the final SNV data set and shows how many
SNVs were removed at each step. b, Raw day 5 over library SNV ratios are shown for a portion
of'exon 15 to illustrate how re-editing biases necessitate filtering. The three depleted SNVs marked
with asterisks create alternative PAM sequences that likely allow the Cas9:gRNA complex to re-
cut the locus and cause their removal. For other SNVs, the fixed PAM edit (a GGG to GCG
synonymous change) minimalizes re-editing. The location of the target PAM is underlined and
each indicated SNV is bolded in the annotations. The LOESS regression curve in shown in black.
c,d, Plots show the relationship between day 5 over library and day 11 over day 5 ratios before (c)
and after (d) filtering steps 1 and 2. Filtering removes outliers because editing biases primarily
affect the day 5 over library ratio. e-g, Histograms show the distributions of function scores for
SNVs deemed ‘pathogenic’ or ‘benign’ in ClinVar at different stages of filtering. Scores in e are
derived prior to normalization across exons.
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Figure 3.9. Mixture modeling of scores to classify SNVs by functional effect.

a, Distributions of ‘non-functional’ and ‘functional’ SNVs plotted here were defined respectively
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as all nonsense SNVs and all synonymous SNVs with RNA scores within 1 SD of the median
synonymous SNV. b, An ROC curve was generated using SGE function scores to distinguish the
634 ‘functional’ and ‘non-functional’ SNVs defined in a. ¢, A two-component Gaussian mixture
model was used to produce point estimates of the probability that each SNV was ‘non-functional’,
P(nf), given its average function score across replicates. These P-values are plotted in d against
function scores for a subset of the data. Thresholds were set such that P(nf) < 0.01 corresponds to
‘functional’, and P(nf) > 0.99 corresponds to ‘non-functional’, and 0.01 < P(nf) < 0.99 corresponds
‘intermediate’ classification. Functional classification thresholds are drawn as dashed lines; black
denotes the non-functional threshold and gray the intermediate threshold. e,f, SNV function scores
across replicates are plotted for each exon with SNVs colored by mutational consequence (e), and
for each type of mutational consequence with SNVs colored by ClinVar status (f). Using the
optimal function score cutoff for all SNVs tested (Figure 3.10b), sensitivities and specificities for
distinguishing ‘Pathogenic’/’Likely pathogenic’ from ‘Benign’/’Likely benign’ ClinVar
annotations for each type of mutation are as follows: 92.7% and 92.9% for missense SNVs (N =
55), 100% and 100% for splice region SNVs (N = 23), and 95.2% sensitivity for canonical splice
site SN'Vs (N = 83; specificity not calculable).
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Figure 3.10. SGE function scores are highly accurate at predicting clinical interpretations of
BRCAI SNVs.

a, The distribution of SNV function scores colored by ClinVar interpretation. Scores are shown
for the 375 SNVs with at least a ‘1-star’ review status in ClinVar and either a ‘pathogenic’ or
‘benign’ interpretation (including ‘likely’). The dashed lines indicate the functional classification
thresholds determined by mixture modeling (gray = intermediate, black = non-functional). b, An
ROC curve reveals optimal sensitivity and specificity for classifying the same 375 SNVs in a at
SGE function score cutoffs from -1.03 to -1.22. ¢, The distribution of scores plotted as in a for the
378 SN'Vs annotated as variants of uncertain significance or with conflicting interpretations. 91.3%
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of such variants are classified as ‘functional’ or ‘non-functional’. d,e, SN'Vs are colored by ClinVar
annotation. d, Among the 302 SN'Vs assayed also present in gnomAD, higher allele frequencies
associated with higher function scores (Wilcoxon Signed Rank Test, P = 3.7 x 10™'%). e, CADD
scores (which predict deleteriousness) inversely correlate with function scores.
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Figure 3.11. BRCAI SNVs observed more frequently in large-scale population sequencing
are more likely to score as functional.

SNV function scores are plotted against Bravo allele frequencies (a) and FLOSSIES allele
frequencies (b). a, Bravo is a collection of whole genome sequences ascertained from 62,784
individuals through the NHLBI TOPMed program. Similarly to SN'Vs present in gnomAD (Figure
3.10d), higher allele frequencies of SNVs in Bravo correlate with higher function scores. b,
FLOSSIES is a database of variants seen in targeted sequencing of breast cancer genes sampled
from approximately 10,000 cancer-free women at least 70 years old. Only 1 of 39 SNVs observed
in FLOSSIES scored as non-functional. ¢,d, Missense SNVs in ClinVar are separated by whether
they have (¢) or have not (d) been seen in either gnomAD or Bravo and function scores across
replicates are plotted, with dashed lines demarcating functional classes. A higher proportion of
ClinVar missense SNVs absent from gnomAD and Bravo score as non-functional (50.6% vs.
15.7%, Fisher’s exact P=1.80 x 10™").
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Figure 3.12. SGE function scores correlate with computational metrics and perform
favorably at predicting ClinVar annotations.

a, SNV function scores are plotted against mammalian phyloP scores, with colors indicative of
ClinVar status. b,c, ROC curves show the performance of CADD scores and phyloP scores for
discriminating ClinVar ‘pathogenic’ and ‘benign’ SNVs (including ‘likely’), as described in
Figure 3.10b for SGE data. d-g Plots as in a, but for missense SNVs only, showing correlations
between SGE function scores and CADD (Kircher et al., 2014) scores, phyloP scores (Pollard et
al., 2010), Grantham differences (Grantham amino acid variation minus Grantham amino acid
deviation; GV - GD), and align-GVGD classifications (Tavtigian et al., 2006). Missense SNV
function scores also correlate with SIFT scores (Kumar et al., 2009) (p = 0.363) and PolyPhen-2
scores (Adzhubei and Jordan, 2013) (p = -0.277). (P < 1 x 10™ for all correlations.) h-1, ROC
curves assess the performance of SGE function scores and each indicated metric at distinguishing
firmly ‘pathogenic’ and ‘benign’ missense SNVs. (i.e. not including ‘likely’).

&9



O o0 O &Cmom- *
o] OO- & O- 3
OO- <0 “O0-

- EEoM (O O-— o
Cool] mmom- —OJod @
O~ o <mmm <

<O 2 <COm om
<O0- & <00 ©
(Dol o< m "
Oo- “0od  H5-
OO- Oo0 Hiom
OO~ <00 om

A
u
"
T

[ ]

c

’
290

]
1
A
H
[m}
]
[}
"
280

H
d
T
"
H
i
190
T

CofD- &mom  H- o
<0 “mon  FTR
Do mOm- T
- ENCN (5
EEON NEN- o mom-
LI ODo0- ® <m0
OJo0) <TI0 ™ «

<O0  Wom Mom o
EomE- =1+~ EI--9¢
<O TODo- o

o mo0  SggH

© 0ed Dot
O O- ©
Ootm Tor- e
. Co 7 mom
(Hom <[00 <001
O0- <00 2 <OW o
HONN _<TH Eom-3

A
H
[m]
c
J
0
160
ﬁ

n
g
A
u]
:
240

Q o]
ol <[ @&
el <00 ™ Som
M- <Tm o §

220

W~ & <O~ ®gorg
Oo EEON T E ol
Coll]  <mmm  <I1) o
Dol [Oom- DEom- =
Dol <O WEom ©

[NEN [N [N
<OO- <o OO0

guoxg Ppuox3z guox3y

- - - o - o
Oor- $roon- § <ao- d<ao- & omo- fmoen oo oD <OD-§
<00 <00 S« Loged 2000 § <D oOofl m_[Tul - ©
mm- < <00 O~ ©w<1] O~ o] §Ooll] - <]

- 00D geme Oo) D60  [Cof QO000 e qOmO- g
wmea J mmom <0 OO o &Eﬂem Fott- £gocn- 8
0 °
e G = o OB o o g omEnE
““un © “umn <~ HEE- Oo0 o ““Mn her FEGTw & e ch“..m_
COo-- & Wmon- S mEoN o MWW\ MDJGJ\ m <0 e 800d Dot
Eo- Yo TP lo 80m S0 o LD h  Som
T SemD of: “0om M oo THEMS  Com <D
<m0 <0050 <11 = om-— & o0 ofhed o
<mm 3 T & S ] o <Cmm S meo- 8
fOom o am e DD Qemm O % 8

A
H
g
4

H
G
]
5

[m]

]
G
[m]
A
A
i

5270
B
G
[m}
| |
u
G
|
6
[m]
c
L

6
[m]
c
B

A

H

H
o
A
G
"
5140
;

]
;
.
i
g
|
H
:
8

5260
A
m|
2
A
:
5
i
:

LOe0 cmm COE- EEON o <Cmm Dot mom
oee OD- <000 Olol- 2<rm Ss oo B G-
Samr EoEE o< <00 OCNom mm- 05 O o0
GO0 M- Biam gMAR SWESS <My acwy 80oD-E001 3
B ocomm o0 b<rh b0 OolO  [roe QCmed ®g 2
hoo- § Do » <0 w{maol) (mmm)
CHeo $"EoE  hom <00 Domm o §ILU HHY =D

| mary <Cm <m0 DoO Omod- doom 8y = — -

_g Colm

MN% - ME{F orn- OO~ <00 ool oM o

o0 - o<l ggcm Oom Ooom- 8«12 8
(M- o< - ~<00 Oom 3 & <m0
Estal-pess S Cimom Lol om & %
Oo- Sooe O e < gOoD oy <O —geo
<00 oo gH fen  <EL-SEOR- B 090 wm -
<11 - om oTm Colm ollom © < -

-
:
"
g
é
g
A
(m]
’
i
a

OoO g < EEE- o Q<1 om QOMol- I WE.- 0O
<OIO-38 B gum S SOE T mm- - OO BU0O
OO S mome oo CCHed omm- oo <0 D <R
Sorm 5 w0 oy OE-QrmoD- Smorm  Omom oM
Het <0m wmm- S OO CCEE- Ommon  <OL  gmom
Eren 5 <Em gorm “ﬁ Ool0 [~ Mol Sopm
Mol 0 - o <HEN [ oo L Cmom Com’] Sotm
Pann] <[ - & <mmm e <0 <10 -mon [mmom) Oofd o
PEni Dofd ® (Mo P = <1 EE- o <EEE <«1- 3
OO0 o< [EOF  DorE onomy  <OED  EOo0- SWoE grred B
Dom- § Dol Oofd o o -%m) Dol WO- OCmol- Qm -
a0 ¥000  gn-S o b <Oon oD  mom- OmEo
Oorn <M gopm & FHO Qum - oM (oD o
<o Como < (0 © ~“8Fo0 - 9000 e -
<Oy <. COo0 - © SOJed 0o
momT  <CrI o mm- 0o o o - .
ﬂ_muu W o Wom (ol  mOE- Com chml Oo EDuucEl
oo.  <Com-5 ol EEON o <EEE e <am = Do g
Doy Wmol B« MEEom- CCHom 00 geec o - Oo-
< <11J mmom o <00 000 her- 8 0o mORO
Clom o mun} QO+ a
B & 0o om <mu - < o0 © & e
Oorm & EoO m- o OE- o CotD - L R n |
O YCmen  grom- SO0 <0 oEEE- oo <M SaOD)
e wmo- MO 2o WO SEE-  guog <D moom
Ol S0oC0  moen  Cofl)  mO-

5480

Co- 5 oor [ Eraas)
g0 Yo SH <00 PMgar o oo- of el goorm
o0 mere IO om0 O0- 5 hom
<0 from MOE-Zgo; WEE-- Qg <0 mIo0 s o

P

(o g<mm- Smmom O - Clom- @

3 @ [ - o= 5

SORn GUECE S EEE (o) b igem OO0 gom.  <BCD  WEoE
o . EoND  OT-  momm Com) Oa om .

w7 < O O TOODO- qmm- 0ol -
- m-/c, o0- w (T m-— o (T -— M.C_Ij O <11 - Dor—
3

5468-10

< o
(RN (RN (RN 1 e [N (RN (RN (RN
OO OO OO OO OG- OO <O <OO- <O

Gl uox3 9| uox3 /| uox3g 8| UOX3 G| UOX3 (g UOX3 |g uoX3 gg uox3 gg uox3y

ONId

1044
ANS

CDS position

RNA score

Function score

SNV consequence

1 Intronic

@
a2
Y
Omm
©

c o

S®E_
Tg5®
c o

SES
EEO

[ splice region []Synonymous

Canonical splice [_] Missense [] Nonsense

15 UTR

Figure 3.13. Sequence-function maps for 13 BRCAI exons.

The 3,893 SNVs scored with SGE are each represented by a box corresponding to coding sequence

position (NCBI transcript ID: NM 007294.3) and nucleotide identity. Boxes are filled

corresponding to functional class, and outlined corresponding to the SNV’s mutational
consequence. Red lines within boxes mark SNVs depleted in RNA; one line indicates an RNA

score between -2 and -3 (log2 scale) and two lines indicate a score below -3. RNA measurements
were determined only for exonic SNVs, excluding exon 18. Reference nucleotides are indicated

by dark gray letters; blank boxes indicate missing data.
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Figure 3.14. Measuring SNV mRNA abundance and function in parallel delineates
mechanisms of variant effect.

a, Function scores are plotted against RNA scores for all exonic synonymous and missense SNVs
scored (N =2,646). Horizontal dashed lines indicate functional thresholds, and vertical dotted lines
mark RNA scores of -2 and-3. b,c, Function scores for all SNVs were mapped onto the structures
of the RING (b, pdb 1JM7) and BRCT (¢, pdb 1T29) domains in shades of red by averaging
missense SNV scores at each amino acid position. The number of SNVs that cause >75%
reduction in RNA levels at each amino acid position is represented by the size of the sphere at the
alpha-carbon at each residue. Grey denotes residues not assayed and the BACHI peptide bound to
the BRCT structure is colored slate blue. d,e,f, SNV RNA scores are plotted by transcript position,

91



with lines denoting SNV functional classification. d, Examples of non-functional SNVs with low
RNA scores that create new 5°-GU splice donor motifs are shown. Complete maps of RNA scores
for exons 16 (e) and exon 19 (f) reveal highly variable sensitivity to RNA depletion. The location
of the strongest predicted exonic splice enhancer in exon 161s indicated by the orange line (Desmet
et al., 2009) (e).
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Figure 3.15. Evidence supporting SNV scores in discordance with ClinVar classifications.

Function scores of SNVs classified as ‘benign’ or ‘pathogenic’ (including likely’s) are shown
across replicates for experiments using HAP1-Lig4KO cells (a) and for preliminary experiments
using WT HAP1 cells (b). Plots exclude exons with low overall reproducibility in WT HAP1 cells
(replicate correlations < 0.4: exons 15, 18, 20 and 22). The three SNVs firmly discordant with
ClinVar are labelled 1-3 in a, corresponding to ¢.5359T>A (dark red 1), ¢.5044G>A (dark blue 2),
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and c.-19-2A>G (dark red 3), respectively. The same filtering criteria were applied to both sets of
experiments, which led to the removal of SNV 3 from the WT HAP1 data due to disagreement of
scores between replicates. Discordant ‘likely pathogenic’ SNVs (4,5), an intermediate scoring
‘benign” SNV (6) and a discordant ‘likely benign” SNV (7) are also labelled for comparison. ¢,
The sequence-function map of exon 21 is shown with the function scores for the two ‘pathogenic’
SNVs observed in linkage indicated. Dashed lines demarcate functional classifications. d,
Function scores are plotted against CADD scores for all canonical splice SNVs assayed, colored
by ClinVar status. The six possible exon 2 splice acceptor SNVs (circled) have the lowest CADD
scores among all canonical splice SNVs assayed, and none score as ‘non-functional’. e, GTEx
browser shots show that many of the most common BRCA ! transcripts mapped from ovarian and
breast tissues lack the exon 1 / exon 2 junction.
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Table 3.1. DNA sequences used to program SNVs in BRCAI saturation genome editing

experiments.

Name Sequence (5' to 3')

BRCAI1x2_SGE AAGTTCAcTGGAACAGAAAGAAATGGATTTATCTGCTCTTCGCGTTGAAGAAGTACAAAATGTCATTA
ATGCTATGCAGAAAATCTTAGAGTGTCCgATCTGGTAA

BRCAI1x3_SGE TTTCTCCCCCCCTACCCTGCTAGTCTGGAGTTGATCAAGGAACCTGTCTCgACAAAGTGTGACCACATA
TTTTGCAAGTAAGTTTGAATGTGTTATGTGe

BRCAIlx4_SGE TATAATTTATAGATTTTGCATGCTGAAACTTCTCAACCAGAAGAAAGGcCCTTCACAGTGTCCTTTATG
TAAGAATGATATAACCAAAAGGTATATAATT

BRCAI1x5_SGE TTAATTTCAGGAGCCTACAgGAAAGTACGAGATTTAGTCAACTTGTTGAAGAGCTATTGAAAATCATTT

GTGCTTTTCAGCTTGACACAGGTTTaGAGTGTAAGTGTTG

BRCA1x15_SGE

AGTGTGAGCAGaGAGAAGCCAGAATTGACAGCTTCAACAGAAAGGGTCAACAAAAGAATGTCCATGG
TGGTGTCTGGCCTGACgCCAGAAGAATTTGTGAGTGTAT

BRCA1x16_SGE

TTAATTTCAGATGCTCGTGTACAAGTTTGCCAGAAAACACCACATaACcTTAACTAATCTAATTACTGA
AGAGACTACTCATGTTGTTATGAAAACAGGTATACCAAG

BRCA1x17_SGE

CATTCTGCAGATGCTGAGTTTGTGTGTGAACGcACACTGAAATATTTTCTAGGAATTGCGGGAGGAAAA
TGGGTAGTTAGCTATTTCTGTAAGTATAA

BRCA1x18_SGE

TGTAACCTGTCTTTTCTATGATCTCTTTAGGGGTGACgCAGTCTATTAAAGAAAGAAAAATGCTGAATG
AGGTAAGTACTTGATGTTACAAACTAACtAGA

BRCA1x19_SGE

TTTCTTTCAGCATGATTTTGAAGTCAGAGGAGATGTcGTCAATGGAAGAAACCACCAAGGTCCAAAGC
GAGCAAGAGAATCCCAGGACAGAAAGGTAAAGCTCa

BRCA1x20_SGE

CTCTCTTCCTCTCTTCTTCCAGATCTTCAGGGGcCTAGAAATCTGTTGCTATGGGCCCTTCACCAACATG
CCCACAGGTAAGAGCCTGcGAGAACCCCAG

BRCA1x21_SGE

ATGTCCATTTTAGATCAACTcGAATGGATGGTACAGCTGTGTGGTGCTTCTGTGGTGAAGGAGCTTTCA
TCATTCACCCTTGGCACAGTAAGTATTtGGTGCCCT

BRCA1x22_SGE

TCCTGGGGATCCAGGGTGTCCACCCAATTGTcGTTGTGCAGCCAGATGCCTGGACAGAGGACAATGGC
TTCCATGGTAAGGTGtCTGCATGTACCTGTGC

BRCA1x23_SGE

CTGTCTCCAGCAATTGGGCAGATGTGTGAGGCACCTGTcGTGACCCGAGAGTGGGTGTTaGACAGTGTA
GCACTCTACCAGTGCCAGGAGCTGGACACCTACCTGATA
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Chapter 4. CRISPR/CAS9-MEDIATED SCANNING FOR
REGULATORY ELEMENTS REQUIRED FOR
HPRTI EXPRESSION VIA THOUSANDS OF
LARGE, PROGRAMMED GENOMIC
DELETIONS

Chapter 4 is adapted with minimal modifications from:
Gasperini, M., Findlay, G.M., McKenna, A., Milbank, J.H., Lee, C., Zhang, M.D.,
Cusanovich, D.A., and Shendure, J. (2017). CRISPR/Cas9-Mediated Scanning for

Regulatory Elements Required for HPRT1 Expression via Thousands of Large,
Programmed Genomic Deletions. Am. J. Hum. Genet. /07, 192-205.

First authorship is shared between MG and GMF.

4.1 ABSTRACT

The extent to which non-coding mutations contribute to Mendelian disease is a major
unknown in human genetics. Relatedly, the vast majority of candidate regulatory elements have
yet to be functionally validated. Here we describe a CRISPR-based system that uses pairs of guide-
RNAs (gRNAs) to program thousands of kilobase-scale deletions that deeply scan across a targeted
region in a tiling fashion (“ScanDel”). We applied ScanDel to HPRT1, the housekeeping gene
underlying Lesch-Nyhan syndrome, an X-linked recessive disorder. Altogether, we programmed
4,342 overlapping 1- and 2- kilobase (Kb) deletions that tiled 206 Kb centered on HPRTI
(including 87 Kb upstream and 79 Kb downstream), with median 27-fold redundancy per base.
Programmed deletions were functionally assayed in parallel by selecting for loss of HPRT function
with 6-thioguanine. As expected, sequencing gRNA pairs before and after selection confirmed all
HPRTI exons are needed. However, HPRT function was robust to deletion of any intergenic or

deeply intronic non-coding region, indicating proximal regulatory sequences are sufficient for
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HPRTI expression. Although our screen did identify the disruption of exon-proximal non-coding
sequences (e.g. the promoter) as functionally consequential, long-read sequencing revealed this
signal was driven by rare, imprecise deletions that extended into exons. Our results suggest no
singular distal regulatory element is required for HPRT expression, and that distal mutations are
unlikely to contribute substantially to Lesch-Nyhan syndrome burden. Further application of
ScanDel may shed light on the role of regulatory mutations in disease at other loci, while also

facilitating a deeper understanding of endogenous gene regulation.

4.2  INTRODUCTION

The success of human genetics in identifying the genes and mutations underlying
Mendelian diseases has been facilitated by the fact that the majority of causal mutations lie in
protein-coding sequences or splice junctions. Indeed, this assumption is explicit in both classic and
contemporary practices in genetics (e.g. exome sequencing). However, it is clear that distal non-
coding mutations make some contribution to Mendelian disease. Understanding how often non-
coding mutations play a causal role, as well as developing best practices for pinpointing those that
do, are critical challenges for the field. For example, in the clinic, even if a person is diagnosed
with a monogenic Mendelian disorder on the basis of phenotype, clinical sequencing mainly of
coding regions fails to identify a causal mutation ~10% of the time (Chong et al., 2015). However,
possible explanations include not only distal regulatory mutations, but also misdiagnosis, somatic
mutation, technical false negatives, and others. Furthermore, non-coding loci could contribute to
the estimated ~25-50% of undiagnosed but apparently Mendelian cases in which the underlying
gene is unknown (Chong et al., 2015; Yang et al., 2013).

The picture is very different for the genetics of common disease, where over 90% of

disease-associated SNPs fall in non-coding regions (Maurano et al., 2012). Many resources have
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been developed to predict the location of putative regulatory elements and the effects of regulatory
mutations (Ernst and Kellis, 2012; Hoffman et al., 2012; Kircher et al., 2014), with ~88% of all
protein-coding genes tied to a cis-expression quantitative locus (eQTL) (Aguet et al., 2016), ~80%
of the genome annotated with biochemical function (ENCODE Project Consortium, 2012), and
numerous tools to link regulatory elements to their target genes (Boyle et al., 2012; Coetzee et al.,
2012; Li et al., 2013; Ward and Kellis, 2012). However, the vast majority of these predictions are
either confounded (e.g. for cis-eQTLs, by linkage disequilibrium) or lack functional validation.
Indeed, there are few distal non-coding regulatory elements that we can confidently assign to a
target gene, or for which we understand the consequences of disruption.

Large-scale functional experiments are clearly an important next step for both common
disease genetics (to facilitate the identification of causal regulatory variants and their target genes)
and rare disease genetics (to identify distal regulatory elements for Mendelian disease genes where
causal non-coding mutations might be found). Many important studies have undertaken functional
work to identify and characterize causal or risk contributory non-coding variants for specific rare
and common diseases (Claussnitzer et al., 2015; Wakabayashi et al., 2016; Weedon et al., 2014),
but by approaches that are not easily scalable. Within the last year, several studies have used
CRISPR/Cas9 genome editing in cell-based screens to introduce and functionally assay large
numbers of non-coding mutations at an unprecedented scale (Canver et al., 2015; Chen et al., 2015;
Diao et al., 2016; Korkmaz et al., 2016; Rajagopal et al., 2016; Sanjana et al., 2014). The common
approach of these studies is to introduce complex libraries of guide RNAs (gRNAs) via lentiviral
infection to a population of cells at a low multiplicity of infection (MOI), followed by an assay

that queries the function or expression of a gene of interest. CRISPR/Cas9 mediates double-
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stranded breaks at sites specified by the gRNA in each cell, eventually resulting in a mutation at
each targeted site via imperfect non-homologous end joining (NHEJ).

A fundamental limitation of these singleton gRNA screens is that because of design
constraints (e.g. the uneven distribution of protospacer adjacent motif (PAM) sequences, the
variable efficiency of gRNAs, and others), the resulting coverage of regions of interest is
incomplete and uneven. As the majority of bases will be perturbed by zero or only one gRNA,
these studies rely on the aggregate behavior of clusters of target sites within potential regulatory
elements or arbitrarily sized windows (e.g. 500 base-pairs) (Sanjana et al., 2016), rather than
redundant targeting of each base-pair (bp) by independent gRNAs. Furthermore, it is possible that
the mutations introduced by NHEJ at single sites, which are highly heterogeneous but mainly
dominated by small 1-10 bp deletions (McKenna et al., 2016; Tsai et al., 2015), are insufficient to
fully disrupt many regulatory elements. Several recent studies have employed an inhibitory domain
guided by nuclease-inactive Cas9 to screen non-coding regulatory regions, i.e. CRISPRi (Fulco et
al., 2016; Klann et al., 2017). Epigenetic modifications mediated by these domains can spread to
regions on the order of ~200 bp to 4.5 Kb (Horlbeck et al., 2016; Thakore et al., 2015), and thus
mitigate the challenges related to redundancy and coverage of individual gRNA screens. However,
CRISPRI screens may be less precise because of this spreading effect and furthermore, do not
directly test the consequences of alterations in primary sequence.

Here we sought to overcome these weaknesses by introducing pairs of gRNAs to each cell,
with the goal of inducing a kilobase-scale deletion of the intervening DNA between two
programmed cuts. A principal advantage of this method is that by tiling deletions across a region,
each targeted base-pair can be covered with high redundancy (scanning deletion or “ScanDel”).

Furthermore, kilobase-scale deletions are much more likely to eliminate the function of an
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overlapping or fully contained regulatory element, relative to small indels resulting from NHEJ at
a single target site. Our approach is analogous to classic deletion scanning experiments (Reid et
al., 1990; Rincén-Limas et al., 1991), but with advantages in throughput and of targeting much
larger regions in the endogenous genome rather than sequences cloned to a plasmid. Similar
strategies have recently been described for the interrogation of IncRNA genes (Zhu et al., 2016)
and non-coding sequences (Diao et al., 2017). Critically, these implementations (and indeed, all
CRISPR genetic screens) rely on indirectly genotyping the lentivirally inserted gRNA sequences,
instead of using direct sequencing of edited loci to confirm exactly which CRISPR-induced
genotypes are driving effects.

Here we applied ScanDel to survey the genomic locus encompassing HPRTI, which
encodes the enzyme hypoxanthine(-guanine) phosphoribosyltransferase (HPRT). HPRTI is a
housekeeping gene, a class of genes primarily defined by their broad expression and for which the
underlying regulatory architecture remains unclear (Zabidi et al., 2014). Loss-of-function
mutations in HPRTI result in the X-linked Lesch-Nyhan syndrome (Lesch and Nyhan, 1964), in
which a minority of individuals present with reduced HPRT enzymatic activity despite the absence
of identifiable coding mutations (Fu et al., 2014a). Such individuals could carry non-coding
mutations that result in reduced HPRT1 expression. Reduced HPRT activity also causes resistance
to the drug 6-thioguanine (6TG), a purine analog and chemotherapeutic agent. Thus, it is
straightforward to assay cell populations for loss of HPRTI function, as only cells with highly
reduced expression of functional HPRT will survive selection by 6TG (Figure 4.1¢c). Although
there are no known distal regulatory elements of HPRT1, its nine exons serve as internal controls.

Adopting the framework of genome-wide CRISPR/Cas9 screens, we synthesized, cloned,

and lentivirally delivered thousands of programmed gRNA pairs to cells at a low MOI. Each gRNA
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pair targets nearby sites, effectively leveraging CRISPR/Cas9’s ability to generate kilobase-scale
deletions when NHEJ-mediated repair of two double-stranded breaks results in excision of the
intervening DNA segment. In total, we designed and introduced gRNA pairs programming 4,342
overlapping ~1 and ~2 kilobase (Kb) deletions that tiled a 206 Kb region centered on HPRTI. 6TG
was used to select for cells that had lost HPRT function. By quantifying gRNA pairs both before
and after 6TG selection and then directly genotyping putatively important deletions by long-read
sequencing, we were able to identify programmed deletions that significantly compromised

HPRTI expression and function.

4.3 RESULTS

4.3.1  Development of ScanDel

In genome-wide CRISPR/Cas9 screens, a gRNA library is lentivirally delivered to a large
pool of cells at a low MOI, such that each infected cell is likely to receive only one gRNA (Shalem
et al., 2014; Wang et al., 2014; Zhou et al., 2014). Each gRNA induces NHEJ-mediated indels
centered at the Cas9-mediated cleavage position within the target sequence, with the goal of
perturbing the function of the targeted locus. However, given the small and variable length of
indels, the robustness of perturbation is inherently limited, particularly when targeting non-coding
sequences in which frameshifts are irrelevant. To instead program a kilobase-scale deletion in each
cell, we devised the following approach (Figure 4.1). First, gRNA pairs are designed to program
specific deletions (with each gRNA specifying one of the deletion’s boundaries, Figure 4.1a), and
the corresponding pairs of 20 bp spacers are synthesized in cis on a microarray (Figure 4.1b).
Second, the paired spacers are inserted into the lentiGuide-Puro plasmid between the U6 promoter
and the gRNA backbone. Third, a second gRNA backbone and a second RNA Polymerase (Pol)

III promoter (H1 or U6) are inserted between the paired spacers. Fourth, libraries of “gRNA pairs”
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are lentivirally delivered to a large pool of cells at a low MOI, such that each cell receives a pair
of gRNAs that programs a single deletion (Figure 4.1c). Finally, analogous to conventional
genome-wide CRISPR/Cas9 screens, deep sequencing of the integrated gRNA pairs is used as a
surrogate measure of the prevalence of each programmed deletion in a population of cells (e.g.
before and after the cells have been subjected to functional selection) thus capturing the phenotypic
consequences of individual deletions.

As an initial test of our paired guide system, we compared the efficacy of using two
different promoters for the two guides (a ‘U6-H1’ system) versus using two copies of the same
promoter (‘U6-U6’). We tested these lentiviral gRNA pair expression constructs by targeting the
same genomic site for deletion with each system (Figure 4.2). PCR amplification of the site was
performed with UMIs in order to minimize biases related to amplicon size. The U6-H1 system
induced more programmed deletions than the U6-U6 system (20% vs. 10% of reads from cells one
week after transduction). The U6-H1 system has several advantages (e.g. avoiding recombination
between the two U6 promoters during cloning; unique primer design for deep sequencing of each
gRNA), and we therefore proceeded with it.

An important caveat for ScanDel, relative to conventional gRNA cell-based screens, is that
deletions programmed by gRNA pairs only occur in a minority of cells (Byrne et al., 2015; Canver
et al., 2014), with the other major outcomes being small NHEJ-mediated indels at one or both
gRNA-targeted sites. For example, in our test of the U6-H1 system, the programmed deletion was
found in 32% of cells that had any edit, while the remaining edited cells were mutated at one or
both gRNA-targeted sites but retained the intervening sequence. While this complicates
interpretation, the problem can be overcome by using a robust functional assay in conjunction with

multiple, independent gRNA pairs that query the same genomic region, as well as by including
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unpaired gRNA controls to ensure that observed effects do not occur with the individual gRNAs

that comprise each pair (but rather are dependent on the presence of both gRNAs).

432 Application of ScanDel to survey the 206 Kb region surrounding HPRTI

With the goal of investigating the potential of non-coding mutations to compromise its
function, we applied ScanDel to a 206 Kb region on the X chromosome centered on the HPRT
gene (Figure 4.1a, Figure 4.3a). We designed pairs of gRNAs that programmed deletions tiling
across the 206 Kb region, including tiles that overlapped HPRT! exons in order to allow coding
regions to serve as positive controls. As deletion length has been shown to affect deletion rate
(Canver et al., 2014), deletions were programmed to be consistently either ~1 or ~2 Kb in length
(Figure 4.1a). This design resulted in 4,342-programmed deletions that tiled across the region,
collectively covering each base-pair a median of 27 times (Figure 4.3b). Testing each base-pair
with numerous independently programmed, tiling deletions is expected to reduce noise and also
increase resolution (as all successfully made deletions tiling a critical regulatory element should
exhibit positive selection). However, to guard against the possibility that individual gRNAs’
effects could confound analysis (e.g. via off-target mutations, or on-target small ~10 bp indels),
we also included all spacers in the library as pairs with themselves (‘self-pairs’; Figure 4.1b inset,
Figure 4.4). Additionally, we included 330 negative control gRNA pairs not expected to survive
6TG selection, as they program deletions in non-genic regions far from HPRTI or use spacers
made of random sequence not present in the reference genome (hgl19).

The gRNA pair library was array-synthesized, cloned, and delivered via lentiviral infection
to HAP1 cells in replicate (Figure 4.1b,c). Cell populations were sampled before and after one
week of the 5 uM 6TG selection, with PCR amplification and deep sequencing of gRNA pairs to

quantify abundance at each time-point. The functional selection score was calculated as the log10
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ratio of normalized read counts after selection relative to before selection (“selection score”).
Positively scoring self-paired spacers were flagged, and gRNA pairs that used these flagged
spacers were excluded from further analysis (11% of pairs in replicate 1 and 3% of pairs in
replicate 2). To integrate signal from overlapping programmed deletions, we calculated a “per
base-pair” metric as the mean of selection scores of all deletions overlapping a given base (Figure
4.3d, Figure 4.5). This per base-pair score across the HPRT locus was well-correlated between
biological replicates (Pearson: 0.708; Figure 4.6). Importantly, none of the negative-control gRNA
pairs that were sampled in each of the two replicates were positively selected in both experiments
(Figure 4.7).

Crucially, all nine HPRTI exons exhibited strong functional scores, confirming the
sensitivity of ScanDel as applied here to detect sequences essential to HPRT! function (Figure
4.8). However, all of the reproducibly positive non-coding signal across the 206 Kb region was
immediately proximal to an HPRTI exon. This result suggests that there is no distal regulatory
element in the 206 Kb region that is essential to HPRT1 expression in HAP1 cells.

Near exons, non-coding regions exhibiting positive signal did so even when deletions that
also overlapped the exons themselves were excluded from the analysis (Figure 4.8d). This
suggested the presence of essential, proximal regulatory sequences. We noted that the positively
scoring regions immediately upstream and downstream of the first exon overlapped with a region
of open chromatin identified by performing ATAC-seq in HAP1 cells, supporting the region’s role
in gene regulation (Figure 4.3¢, Figure 4.8a, Figure 4.9). Together, these observations motivated
us to attempt validation experiments for this region, with the goal of directly confirming which

deletions of putative regulatory elements were impairing HPRT1 function (Figure 4.10a,e).
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4.3.3  Direct genotyping of deletions that survive functional selection

With the goal of validating the positive signal upstream of the first exon, we repeated the
experiment with a small pool of 4 gRNA pairs targeting the putative HPRTI promoter (Figure
4.10b). We then amplified 3 Kb of this region by PCR and performed long-read sequencing of the
amplicons (Pacific Biosciences). As expected, before 6TG selection, the programmed deletions
were all well-represented in the population, although deletions with boundaries deviating from
Cas9 cut sites (i.e. ‘unprogrammed’) were also detected (Figure 4.10c). However, after selection
with 6TG, deletions with unprogrammed boundaries predominated, including those unseen before
6TG, and those that extend beyond the transcriptional start site (TSS) (Figure 4.10d). The fact that
these initially rare deletions were strongly selected (while 2 Kb promoter deletions that did not
cross the TSS were not) suggests that even relatively proximal sequences upstream of the HPRT1
TSS are not strictly essential for expression. Based on the results of these validation experiments,
we conclude that only a narrow window of non-coding sequence immediately upstream of the TSS
and 5’UTR is required for HPRTI expression.

We next sought to validate the positive signal downstream of the first exon. To do so, we
again repeated the experiment with a small pool of just 5 gRNA pairs targeting the first ~2.7 Kb
of intron 1 (Figure 4.10f). We then amplified the region and again performed long-read sequencing
of the amplicons (Pacific Biosciences). As with the promoter, the programmed deletions were all
well-represented before 6TG selection, although deletions with unprogrammed boundaries are also
detected at a low rate (Figure 4.10g). After selection, deletions with unprogrammed boundaries
predominated again, particularly those that extended into the first exon, thereby disrupting coding
sequences (Figure 4.10h). A low rate of non-exonic deletions survived post-6TG, but these were

present at the same level as unedited reads, implying that there may be some other explanation for
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6TG resistance in these cells. Thus, as with the promoter, the positive signals that we originally
observed for deletions in the first intron were likely consequent to the positive selection of rare

‘on-target-but-with-incorrect-boundaries’ deletions that extend into the first HPRT exon.

434 An individual gRNA screen of the same region for comparison to ScanDel

We next compared our ScanDel results against a more conventional screen relying on only
individual gRNAs (Figure 4.3e). For this, we cloned a second lentiviral library consisting of
12,151 individual gRNAs targeting the same 206 Kb region and assayed HPRT function in HAP1
cells as previously. Under the assumption that each individual gRNA potentially disrupts a ~10 bp
region, this experiment at best interrogates ~70% of bases within the 206 Kb region due to the
sparsity of PAM sites (as compared to our coverage of the entire locus at median ~27-fold
redundancy per base-pair with ScanDel). 86% of exon-targeting gRNAs were positively selected
and exonic selection scores were well correlated between biological replicates (Pearson: 0.781).
Of 612 negative control gRNAs, none that were sampled in each replicate were positively selected
in both experiments (Figure 4.11). In non-coding sequence, scores were poorly correlated between
biological replicates, with a paucity of reproducible, positively selected signal (Pearson: 0.156,
Figure 4.12).

Notably, we did observe a greater proportion of positively scoring gRNAs in the vicinity
of exons — i.e. whereas only 2% of intergenic gRNAs were positively selected, 7.5% of deep
intronic (>2 Kb away from an exon boundary) and 20.5% of proximal intronic (<2 Kb from an
exon boundary) gRNAs were positively selected (Figure 4.13a). Given our earlier observation
with ScanDel of rare, ‘on-target-but-with-incorrect-boundaries’ that were confounding when
targeting near exon boundaries, we next performed similar validation experiments on individual

gRNAs that targeted non-coding sequences nearby exons (Figure 4.13b). We chose 10 gRNAs in
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the HPRTI promoter region (Figure 4.13¢), and repeated the individual gRNA experiment with a
small pool of just these 10 gRNAs, again using long reads (Pacific Biosciences) to sequence the
locus before (Figure 4.13d) and after 6TG selection (Figure 4.13e). Similar to our results with
ScanDel in this region, the only mutations that survived 6 TG selection were initially rare deletions
whose boundaries extended past the TSS and into the 5> UTR and/or coding sequence (Figure
4.13d). This result strongly underscores that caution should be exercised in the interpretation of
results from CRISPR-based screens of non-coding regions, whether performed with individual
gRNAs or gRNA pairs, and the importance of sequencing-based validation of edited regions in the

context of such screens.

4.4  DISCUSSION

We developed a method that uses CRISPR/Cas9 and pairs of gRNAs to experimentally test
the functional consequences of thousands of programmed, kilobase-scale genomic deletions in a
single experiment. We applied this method to perform the systematic investigation of the
regulatory architecture of a housekeeping gene via editing of the endogenous genome. Upon
introducing a set of densely tiling deletions spanning a 206 Kb region centered on the gene HPRT,
we found no evidence for any distal regulatory element that is critical for its activity, as measured
by 6TG sensitivity in HAP1 cells. A screen of this same region with individual gRNAs supported
this finding. The dearth of positive selection from disruption of non-coding regions contrasts with
the strong positive selection observed from disruption of any exon of HPRTI, either by
programmed deletions or individual guides.

HPRTI is a widely expressed housekeeping gene with no eQTLs identified by the
Genotype-Tissue Expression Project (The GTEx Consortium, 2015), and thus may not require

multiple (or any) distal regulatory regions for its expression. The simplest explanation of our
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results is that sequences immediately proximal to the HPRTI transcriptional start site may be
sufficient to confer the level of expression that provides sensitivity to 6TG, such that even if we
disrupt distal regulatory elements that subtly modulate expression, they would go undetected by
our strong selection. For future applications of ScanDel, implementing more quantitative readouts
will be critical. For example, ScanDel is compatible with any functional selection that reliably
separates cells on the basis of gene expression (e.g. knocking in GFP to a locus of interest, and
then using FACS to stratify ScanDel-edited cells on the basis of expression). Such quantitative
readouts may facilitate validation of the many candidate regulatory elements (and cognate target
gene assignments) nominated by eQTL and functional genomics studies (Kumasaka et al., 2016;
Won et al., 2016). We anticipate that the application of ScanDel to non-housekeeping genes
coupled to a more quantitative readout will likely identify more regulatory elements than found
for HPRT1, especially for genes that play key roles in development and cell fate determination.

Another possibility, albeit an unlikely one, is that critical regulatory elements for HPRT
lie outside of the 206 Kb window that we surveyed. For example, the gene resides at the terminus
of a ~300 Kb topologically associated domain identified in HAP1 cells that spans ~185 Kb beyond
our interrogated region (Sanborn et al., 2015). This could potentially be addressed by increasing
the complexity of the library of programmed deletions in order to densely tile a larger region, or
by simply increasing the size of each programmed deletion to interrogate more sequence per gRNA
pair.

We note that the paucity of regulatory sequences discovered by CRISPR/Cas9-based
screening is not exclusive to this study. Collectively, individual gRNA CRISPR/Cas9 screens have
surveyed over a megabase of prioritized non-coding sequences, but only a handful of gRNAs tested

have robust phenotypic effects that validate (Canver et al., 2015; Chen et al., 2015; Diao et al.,
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2016; Korkmaz et al., 2016; Rajagopal et al., 2016; Sanjana et al., 2014). One explanation is that
the assays being used are insufficiently sensitive and fail to detect modest regulatory effects. This
could be addressed through the implementation of more quantitative assays.

A second explanation is that as implemented, genome editing has poor sensitivity due to
redundancy in mammalian gene regulation. Redundancy of transcription factor binding sites
within enhancers could prevent ~1-10 bp indels introduced by individual gRNAs from sufficiently
disrupting function. Indeed, this was part of the motivation for developing ScanDel, whose
programmable kilobase-scale deletions exceed the size of enhancers. Although we did not identify
distal enhancers, the essentiality of the TSS and portions of the 5’UTR in our assay was detected
primarily by deletions substantially larger than 1-10 bp (Figure 4.13d,e), suggesting paired gRNA
libraries will be effective for enhancing sensitivity. However, there may also be redundancy
amongst sets of distal regulatory elements, a question which can only be fully addressed by
combinatorial perturbations.

A third explanation is that gene expression levels depend in part on historical events, such
that disruption of an enhancer in a differentiated cell line would not result in the same outcome as
disrupting the same enhancer prior to differentiation. This could be potentially addressed by
performing lentivirally-mediated genome editing steps in stem cells, followed by differentiation
to a cell type of interest. Any differences in functional consequences that are dependent on the
timing of mutation would be of great interest.

Our results also provide a cautionary example of the importance of validation by direct
genotyping in the context of CRISPR/Cas9-based screens of non-coding sequences. NHEJ
generates a wide assortment of mutations, and strong selections may recover rare editing outcomes.

For example, whereas targeting regions adjacent to exons might have been interpreted to reflect
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the presence of critical proximal regulatory elements, validation experiments using a long-read
sequencer showed that this signal was caused by rare deletions that extended into exonic sequence.
Many of these unexpected events would have been difficult to detect had we been relying solely
on a short-read sequencing platform to genotype editing outcomes. Additionally, validating
CRISPR/Cas9-based screens by assessing selection for specific edited haplotypes adds biological
information. Here, with long-read genotyping we were able to identify a set of variable deletions
that either did or did not drive selection, thus enabling greater resolution (Figure 4.10¢,d).

We also note that in experiments relying on pairs (or more) of gRNAs to program deletions,
it is critical to include controls that quantify the effects of the individual gRNAs comprising these
pairs, as these can have direct effects or off-target effects that might be misinterpreted as being
consequent to the programmed deletion. While this work was being completed, a study was
published that similarly used gRNA pairs to program deletion of a large number of IncRNAs,
followed by phenotyping for cellular growth. Although the results are of great interest, these
important controls were not included for the vast majority of spacers used. It will also be important
to confirm the validity of each of this screen’s findings through direct genotyping.

Even with the aforementioned open questions and remaining technical hurdles, it is critical
that we continue to advance and apply methods for multiplex perturbation of the regulatory
landscape with genome editing. The importance of experimental perturbation is highlighted by our
results. The non-coding region surrounding HPRT1’s first exon resides in open chromatin in this
cell line (Figure 4.3, Figure 4.8), yet our results with ScanDel and subsequent validation
experiments indicate the essential regulatory region is only a small part of the broader ATAC-seq
peak. Perturbing the endogenous genome represents a highly complementary approach to the more

classic strategy of reporter assays (Banerji et al., 1981; Patwardhan et al., 2009), in which short
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sequences are tested for their regulatory potential on an episomal vector. Of note, the results of
early reporter assay-based tests of potential regulatory sequences flanking HPRTI are largely
consistent with our findings but also identify three sequences immediately proximal to the first or
second exons that are critical for episomal HPRTI expression (Reid et al., 1990; Rincoén-Limas et
al., 1991). Though this discrepancy could be due to cell type or species differences (as two of these
elements were required only in mouse embryonic stem cells but not human cells (Reid et al., 1990),
and the remaining one was only tested in Chinese hamster fibroblasts (Rincén-Limas et al., 1991)),
it could also be due to differences in regulatory element activity when assayed via episomes versus
genome editing. For example, elements necessary to drive expression of a gene on a plasmid may
not be required in the genome, where redundancy is more likely. This underscores the ongoing
challenge that genome editing can address: understanding how short sequences with regulatory
potential coordinate with one another across endogenous loci to give rise to specific levels of
expression.

In summary, ScanDel enables the multiplex characterization of the functional
consequences of thousands of programmed, kilobase-scale deletions to the endogenous genome in
a single experiment. We applied ScanDel to HPRTI, a housekeeping gene in which disruptive
mutations cause Lesch-Nyhan syndrome, introducing densely tiled 1-2 Kb deletions across a 206
Kb region encompassing the gene, covering each base-pair with median ~27-fold redundancy. Our
results demonstrate the absence of distal cis-regulatory elements in this region that are critical for
HPRTI expression. In the future, we anticipate that large-scale perturbation of putative regulatory
elements in their endogenous context with methods such as ScanDel will provide further insights

into gene regulation and the contribution of non-coding mutations to human disease.
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4.5 METHODS

4.5.1 Tissue culture

HAPI1 cells were purchased from Horizon Discovery and cultured in Iscove's Modified
Dulbecco's Medium with L-glutamine and 25 mM HEPES (Gibco). The HAPI1 cell line was
derived from the near-haploid KBM7 line (male cells of chronic myelogenous leukemia origin) by
introduction of induced pluripotent stem cell factors. Despite the cell line’s male origin, HAP1
cells no longer hold a Y chromosome (Essletzbichler et al., 2014b). HEK293T cells were
purchased from ATCC and cultured in Dulbecco's Modified Eagle's Medium with high glucose
and sodium pyruvate (LifeTechnologies). Both media were supplemented with 10% Fetal Bovine
Serum (Rocky Mountain Biologicals) and 1% Penicillin-Streptomycin (Gibco), and grown with

5% CO; at 37° C.

4.5.2  gRNA library design

To generate a list of gRNAs, we identified all 20 bp protospacers followed by a 5’-NGG
PAM sequence from chrX:133,507,694-133,713,798 (hg19). We then excluded protospacers that
had a perfect sequence match elsewhere in the genome, and scored the remaining gRNAs for both
on-target and off-target activity. We considered off-target sequences that had five or fewer
mismatches to the putative gRNA, and calculated an aggregate off-target score using the method
of (Hsu et al., 2013). In addition we scored each site for on-target efficiency (Doench et al., 2014).
Final deletion pairs were matched using spacers that did not contain BsmBI restriction sites, were
not predicted to have off-target hits in other 6TG resistance genes or in KBM7 essential genes (the
HAPI1 parental cell line), were greater than 25 bp apart, further than 50 bp from an exon, and

passed on-target (above 10) and off-target (above 25) thresholds. Contrastingly, the individual
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gRNA library included all of the spacers targeting the same region, excluding those predicted to
have 2,000 or more off-targets or to have off-targets with 4 or fewer mismatches within the targeted

HPRTI region.

4.5.3  Building the gRNA pair library

This library cloning method was developed in parallel to similar recently published
methods (Aparicio-Prat et al., 2015) and is modified from the GeCKO single gRNA cloning
scheme (Sanjana et al., 2014; Shalem et al., 2014). First, the lentiGuide-Puro backbone (Addgene
#52963) is digested with BsmBI (FastDigest Esp31, Thermo) and gel purified. The paired spacers
(flanked with lentiGuide-Puro overlap sequences) are synthesized twice on a microarray
(CustomArray, Inc.) such that each pairing is represented in both possible orders (Figure 4.4).

To ensure quality of array synthesis, 1 ng of the oligo pool was amplified with Kapa HiFi
Hotstart ReadyMix (KHF, Kapa Biosystems) and run on a gel to confirm oligos are of the expected
108 bp length. After PCR purification with Agencourt AMPure XP beads (Beckman Coulter), the
amplicon is cloned into lentiGuide-Puro using In-Fusion HD Cloning Plus (Clontech) and
transformed into Stable Competent E. coli (NEB C3040H) to minimize repeat-based
recombination of the lentivirus. This ensuing library (lentiGuide-Puro-2xSpacers) now contains
each pair of spacers, but is still missing the additional gRNA backbone and PolllIl promoter.

We next cloned in the additional gRNA backbone and H1 promoter between each spacer
pairing to enable expression of the two independent gRNAs. The gRNA backbone-H1 promoter
fragment was ordered as a gBlock (IDT) with flanking BsmBI sites to allow ligation into the
BsmBI-digested lentiGuide-Puro-2xSpacers library. The gBlock and the lentiGuide-Puro-

2xSpacers are each digested with BsmBI, purified, ligated together with Quick Ligase (NEB
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M2200S), and transformed into Stable Competent E. coli to create a final lentiGuide-Puro-
2xgRNA library.

To prevent bottlenecking of the library, these cloning steps are performed with enough
replicates at high efficiency to maintain a minimum of 20x average library coverage (relative to
the expected library complexity). Sequencing of the lentiGuide-Puro-2xgRNA library revealed
97.8% retention of diversity from the designed paired spacers. However, 16% of library reads held
unprogrammed, interswapped pairs. 88.5% of these swaps are only seen in a single read, implying
a more likely cause is template switching during either PCR or cluster generation. For all
experimental analysis, only reads of gRNA pairs that perfect matched programmed pairs were

considered.

4.5.4 Building the individual gRNA library

The spacers of this library were similarly synthesized on an array, amplified, and purified
as above. The lentiGuide-Puro backbone was linearized as above, and the library cloned into it
using the NEBuilder HiFi DNA Assembly Master Mix (NEB). This plasmid was transformed into
Stable Competent E. coli, generating enough transformants for 30x average coverage. This method

produced 98.5% retention of complexity from the designed array.

4.5.5  Lentiviral library production, delivery, and 6-thioguanine selection

Lentivirus was produced using Lipofectamine 3000 (Life Technologies) to transfect
HEK293T with the lentiviral vector libraries made above and 3rd generation packaging plasmids
(pMDLg/pRRE Addgene 12251, pRSV-Rev Addgene 12253, pMD2.G Addgene 12259).
Supernatant was collected 72 hours after transfection, centrifuged at 300 rcf for 5 minutes to

remove cell debris, and passed through a 0.45 um syringe filter.
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To create a monoclonal HAP1 cell line stably expressing Cas9, HAP1 cells were
transduced with lentivirus produced using lentiCas9-Blast (Addgene 52962), selected with 5
pg/mL Blasticidin (Thermo Fisher Scientific), and single-cell sorted via FACS.

HAP1-Cas9-Blast monoclonal cells were plated to be at 30% confluency on the day of
lentiviral gRNA/pair transduction. To transduce, 5% of the recipient cells’ media was replaced
with filtered virus, limiting the MOI to < 0.3. Media was changed after 24 hours, and selection for
transduced cells began 48 hours post-transduction. Puromycin was added at 2 pg/mL for two days
to assess the percentage of cells transduced, and then cells were maintained in 1 pg/mL for 5 more
days.

After puromycin treatment, an initial population of cells was collected. Selection for loss
of HPRT function was performed by applying 5 uM 6TG to the remaining cells at <50%
confluency for 7 days. An additional concern is that minor changes in gene expression caused by
ScanDel-mediated mutations in regulatory elements will not be strong enough to confer resistance.
To mitigate this, we used the lowest dosage of 6TG that completed HAP1 selection after seven
days. 6TG concentrations of 6-60 pM are reported in the literature to achieve effective selection
in this timeframe, depending on cell type (Jacobs and DeMars, 1984; Monnat et al., 1992). We
tested our monoclonal HAP1-lenti-Cas9-Blast line at concentrations just below this range (1 pM,
2.5 uM, and 5 pM 6TQG). After 7 days, the 5 M treatment had no readily identifiable surviving
cells, whereas the 2.5 uM treatment retained a sparse population, and the 1 pM treatment produced
appreciably more outgrowing colonies. Based on these results, we proceeded with selections using
6TG at 5 uM for seven days. Enough cells were transduced and sampled at each timepoint to

maintain minimum 2,000x average coverage of the library in each population.
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Sequencing of the baseline (i.e. pre-6TG) population revealed 98.4% of diversity of the
lentiGuide-Puro-2xgRNA library was preserved from replicate 1, and replicate 2 retained 78.8%.
As our deletions are highly overlapping, we proceeded with replicate 2 as all base-pairs are
interrogated despite the lower diversity. We observed 95.6% retention of programmed library
diversity in replicate 1 of single gRNA plasmid library and 71.2% of replicate 2.

Interswapped gRNA pairs were observed in 35.5% of reads from the baseline pre-6TG
sample. This is an increase from the 16% observed in reads from the lentiGuide-Puro-2xgRNA
plasmid library. This suggests additional template switching during the library’s amplification
from gDNA, which requires more cycles of PCR. However, since we are directly sequencing each
gRNA spacer as a read out opposed to using barcoded libraries and only taking exact sequence

matches, this does not pose a problem.

4.5.6  gRNA library amplification and sequencing from HAPI cells

gDNA was extracted from the cells sampled before and after 6TG selection using the
DNeasy Blood & Tissue kit (QIAGEN). KHF was used for all amplification steps. The libraries
were initially amplified from a minimum of 6 pg of gDNA divided across thirty 50 pL reactions,
ensuring sampling of ~2 million haploid genome equivalents at each timepoint. Two additional
PCRs were performed to add sequencing adapters and sample indices to the amplicon, with
AMPure bead purification between each reaction. Amplification conditions were optimized using
qPCR to minimize overamplification of the construct.

Sequencing was performed on an Illumina Miseq using a 50-cycle kit. Read 1 and the
[llumina Index read were used to sequence the two gRNAs in the paired gRNA construct prior to

paired-end turnaround, and Read 2 was used to sequence the 9 bp sample index.
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4.5.7 Calculation of a selection score assignment per base-pair

Custom Python scripts counted tallies of gRNAs (for individual gRNA library
experiments) or gRNA pairs before and after selection. These counts were normalized to the total
number of reads per sample. An enrichment ratio was calculated for each gRNA/pair by dividing
its normalized read count after selection by its before selection read count. A selection score is the
log10 of the enrichment ratio (logl0(after/before)). If a gRNA or gRNA pair was absent before
selection, it was excluded from further analysis. Any gRNA pairs that used a self-paired gRNA
with an independent selection ratio > 0 were also excluded from further analysis.

If a gRNA/pair is absent after 6TG selection, its selection score as calculated will be a
negative number relatively large in magnitude that is somewhat arbitrarily determined by the
number of pre-selection reads. Thus, to limit the contribution of these scores to average
measurements derived from many independent deletions, we set a minimum selection score equal
to the middle of the bimodal distribution between the positively and negatively selected deletions
of each replicate (Figure 4.5). For example, in ScanDel replicate 1, if the log10-value of a selection
score was less than -0.35, that gRNA pair’s score was set to -0.35. Each individual base-pair was
assigned a per base-pair selection score by taking the mean of all deletions programmed to cover
that base-pair. The per base-pair score was normalized to the median score for all positive scores
in that replicate. The per base-pair selection score of each replicate was averaged to get the final
selection score per base-pair. Per base-pair scores were uploaded as a bedgraph for visualization
on the UCSC Genome Browser.

For the individual gRNA mutagenesis screen, we calculated selection scores per base-pair

similarly, assuming a 10 bp deletion was made by each gRNA queried. If a base-pair was scored
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at the minimum negative threshold in one screen, it was given that value for the consensus selection

score of the two replicates.

4.5.8  Bulk ATAC-seq of HAPI cells

Two biological replicates were separately maintained (on 10cm dishes, split 1:10 three
times per week) and processed separately. Chromatin accessibility in the HAP1 cell line was
profiled with the ATAC-seq protocol (Buenrostro et al., 2013) with slight modifications. The
media for 10cm plates of confluent HAP1 cells was aspirated and replaced with 2 mL of ice cold
lysis buffer (‘CLB+’; made as described in the original paper, but supplemented with protease
inhibitors (Sigma cat. no. P8340)). Cells were incubated on ice for 10 minutes in CLB+ and then
were dislodged with a cell scraper and transferred to a 15 mL conical tube and pelleted at 500 rcf
for 5 min at 4° C. Nuclei were re-suspended in 1 mL of CLB+ and counted on a hemocytometer.
50,000 nuclei in 22.5ul of CLB+ were combined with 2.5 pL. of TDEI enzyme and 25ul of TD
buffer (Illumina). Tagmentation conditions were as described in the original paper (37° C for 30
min). After MinElute purification into 10 pL EB buffer (Qiagen), 5 uL. of tagmented DNA was
amplified in 25 pL reactions for 12 cycles using the NEBNext Master Mix (NEB). Reactions were
monitored with SYBR Green to ensure that samples were not overamplified. PCR products were
cleaned once with a QiaQuick PCR Cleanup Kit (Qiagen) and once with 1x AMPure beads
(Agencourt). The quality of the library was assessed on a 6% TBE gel and the yield was measured
by Qubit (1.0) fluorometer (Invitrogen).

Samples were sequenced on two paired-end Illumina NextSeq 500 runs. Read lengths were
2x75 bp for the first run and 2x151 bp for the second run, so the second run was truncated to 75
bp. Sequencing reads were also trimmed for read-through of adapter sequences and quality with

Trimmomatic (Bolger et al., 2014) (‘NexteraPE-PE.fa:2:30:10:1:true TRAILING:3
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SLIDINGWINDOW:4:10 MINLEN:20’ parameters) and then mapped to the 1000 genomes
integrated reference genome ‘hs37d5” with bowtie2 (Langmead and Salzberg, 2012), using the ‘-
X 2000 -3 1’ parameters. Only properly paired and uniquely mapped reads with a mapping quality
above 10 were retained (‘samtools -f3 -F12 -q10”). Reads mapping to the mitochondrial genome
and non-chromosomal contigs were also filtered out. In addition, duplicate reads were removed
with Picard. After checking QC metrics on the individual replicates, reads from the two libraries
were combined for downstream analysis. Hypersensitive sites were called (at a 1% false discovery

rate) with the Hotspot algorithm (John et al., 2011).

4.5.9 Validation and direct genotyping of positive signal from the screens

gRNA pairs that drove the ScanDel signal surrounding HPRTI’s first exon were cloned
into simple lentiGuide-Puro-2xgRNA libraries. The TSS ScanDel validation library contained four
pairs and the intron 1 library contained five. For the individual gRNA screen TSS library, ten
gRNAs were cloned into lentiGuide-Puro. These constructs were lentivirally delivered to HAP1-
Cas9-Blast cells, selected with 6TG, and gDNA extracted as described above.

As the expected deletions could remove up to two Kb, the loci were sequenced with a
Pacific Biosciences RSII (University of Washington PacBio Sequencing Services, P6C4
chemistry, RSII platform). To prepare libraries for PacBio sequencing, the TSS- or intron 1-
targeted regions were amplified from 800 ng of gDNA each, using four 50 uL. KHF reactions with
primers adding sample indices and Sbfl or Notl cut sites. The purified amplicons (Zymo Research
DNA Clean & Concentrator-5) were digested with Sbfl-HF (NEB) and Notl-HF (NEB), leaving
sticky ends. 5’-phosphorylated SMRT-bell hairpin oligos (IDT) containing the PacBio priming
site, hairpin-forming sequence, and resulting sticky ends for either Sbfl or Notl were annealed by

heating to 85C and snap frozen in 10mM Tris 8.5, 0.1mM EDTA, 100 mM NaCl. These were
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ligated at 10x molar excess to the digested amplicons, destroying the restriction site once attached.
To remove undigested amplicons and primers, this ligation was performed in the presence of
further Sbfl and Notl, and followed by treatment with Exo7 (Affymetrix) and Exo3 (Enzymatics).

Only reads with over five circular consensus sequence passes and containing the expected
first twelve 5' and 3' base-pairs of the amplicon were used for further analysis. Reads positive for
complex inversions ( >99 bp) were removed from the library using the Waterman-Eggert algorithm
with match, mismatch, gap open, and gap extend scores of 2, 10, 10, and 5, respectively (Doring
et al., 2008). The resulting reads were then were aligned to the amplicon reference using the
NEEDLEALL (Rice et al., 2000) aligner with a gap open penalty of 10 and a gap extension penalty
of 0.5. Insertions were required to start within a window of five bases up or downstream of the
putative cut site. Deletions were required to either start or end within the same 10 bp window or
span the window. Reads that carried the same edit pattern were collapsed into haplotypes, and

figures were generated using a custom D3 script.

4.5.10 Comparing deletion rate of U6-H1 versus U6-U6

Two protospacers were chosen to program a 365 bp deletion within the second intron of
HPRTI and their spacers were cloned into a U6-H1 construct and U6-U6 construct (Figure 4.2).
Virus was produced and delivered to cells, which were selected with puromycin, and gDNA
extracted as described above. The locus was amplified in four successive rounds of nested PCR.
The first reaction was only 3 cycles and included a forward primer with a 10-bp unique
molecular index (UMI). The second reaction amplified any UMI-tagged fragments. The third and
fourth reactions added sample indices and Illumina flow cell adapters. The products were
AMPure cleaned between each reaction at a concentration that would lose primer dimer but

retain the smaller deletion-holding fragments, and sequenced on a MiSeq. Any reads that
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contained the same UMI or edit pattern were collapsed using custom scripts and their alignments

were visualized with the same D3 script as above.
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Figure 4.1. Design, delivery and selection of ScanDel library of CRISPR/Cas9 programmed
deletions for identification of non-coding regulatory elements.

a, gRNA pairs are designed from a filtered set of protospacers from all Cas9 PAM sequences (5°-
NGGs) in the HPRT1 locus. Sites that are >25 bp apart and >50 bp away from exons are kept.
Tiles are designed by pairing each remaining spacer to two downstream spacers targeting sequence
~1 Kb away and ~2 Kb away. This results in high redundancy of independently programmed,
overlapping deletions across the locus. b, All spacer pairs that correspond to programmed deletions
are synthesized on a microarray (inset). Each spacer is also synthesized as a self-pair as a control
for its independent effects. If a self-paired spacer scores positively in the screen, any pairs that use
that spacer are removed from analysis. U6 and gRNA backbone sequence flank the spacer pairs
for Gibson-mediated cloning into lentiGuide-Puro, and mirrored BsmBI cut sites separate the
spacer pairs to facilitate insertion of a second gRNA backbone and the H1 promoter (beige). In the
final library, each gRNA is expressed from its own PollIl promoter. This design facilitates PCR
and direct sequencing-based quantification of gRNA pair abundances. ¢, The lentiviral library of
gRNA pairs is cloned at a minimum of 20x coverage (relative to library complexity) and
transduced into HAP1 cells stably expressing Cas9 (via lentiCas9-Blast) at low MOI. After a week

122



of puromycin selection, the cells are sampled to measure the baseline abundance of each gRNA
pair. The final cell population is harvested after a week of 6-thioguanine (6TG) treatment, which
selects for cells that have lost HPRT enzymatic function. The prevalence of each programmed
deletion is quantified by PCR and deep sequencing of the gRNA pairs before and after selection.
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Figure 4.2. The U6-H1 gRNA pair expression construct induces a higher deletion rate.

a, Two spacers were chosen to program a 365 bp deletion within the second intron of HPRT1. To
test deletion efficiency, virus was made from the constructs depicted in b and ¢, and separately
transduced into HAP1 at MOI < 0.3. Following 1 week of puromycin selection, gDNA was
extracted and the targeted region amplified. The first 3 cycles of this PCR contained a forward
primer with a unique molecular tag (UMI) to track reads from the same original cell. Sequencing
was performed on a MiSeq. Of note, PCR bias for smaller deletion-holding amplicons was reduced
by collapsing reads with the same UMI, but the potential remains for higher clustering efficiency
of the shorter amplicons. b, The spacers for the deletion in a were placed behind either a U6 or H1
Pollll promoter. 20% of sampled haplotypes contained the programmed deletion, but 36% of
sampled haplotypes remained unedited, implying longer editing time could result in a higher
deletion rate. The per base-pair editing rate summed across all sampled haplotypes is charted as a
percentage at top, and the top 100 most prevalent haplotypes are displayed below it. Red indicates
deletions and blue insertions. ¢, The spacers for the deletion in a were each placed behind a U6
PollII promoter, and delivered, sampled, and visualized as above. With this expression construct,
10% of sampled haplotypes contained the programmed deletion.
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Figure 4.3. High coverage ScanDel library across the HPRTI locus reveals a paucity of
critical distal regulatory elements.

a, Deletions were programmed across 206.1 Kb of the HPRT locus and its surrounding sequence
(chrX:133,507,694-133,713,798, hg19, UCSC Genes track in blue). b, A total of 4,342 x 1 Kb or
2 Kb deletions were programmed, tiling across the locus such that each base-pair was interrogated
by a median of 27 independently programmed deletions. A high density of repeat elements results
in reduced coverage of a region within HPRTI’s intron 3. Deletions are visualized as black bars
spanning the gRNA pair’s programmed cut sites. ¢, HAP1 ATAC-seq hotspots (green) indicate
regions of open chromatin in the cell line. Of note, a hotspot extends 600 bp upstream and 1.6 Kb
downstream of exon 1. d, ScanDel scores were assigned to each base-pair as the average of all
selection scores log10(after/before) for gRNA pairs that programmed deletions that span that base-
pair. If a gRNA pair used a spacer that was positively selected on its own as a self-pair, the gRNA
pair was removed from analysis. To avoid over-weighting negative values, a minimum score was
determined from each replicate’s gRNA pair score distribution, and scores below it were set at this
minimum. For each biological replicate, the base-pair’s score was normalized to the replicate’s
median of positive scores. The average of the two biological replicates’ normalized scores for that
base-pair is displayed, with positive scores in royal blue and negative scores in blue-grey. e, An
individual gRNA mutagenesis screen of the same region was also performed covering only ~70%
of bases in the region due to the sparsity of high-quality designable spacers. Individual base-pairs
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were scored based on nearby cut-sites, under the assumption that each gRNA queries a ~10 bp
region. The plotted scores were calculated as in d, with positive scores in royal blue and negative
scores in blue-grey.
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Figure 4.4. Self-paired spacers in the ScanDel library reveal phenotypes independently
created by individual spacers.

a, The spacers used in every designed gRNA pair had their own self-paired control included in the
programmed gRNA pair library. b, The self-paired controls consisted of the exact same spacer
included behind each promoter in the expression construct (two for each pair; (i) and (ii)). If a self-
paired spacer was positively selected, any gRNA pairs that included that spacer were excluded
from further analysis. This avoided any confounding effects of alternative repair outcomes that
result from an individual gRNA’s edit that could cause 6TG resistance (e.g. a ~10 bp indel
disrupting a transcription factor binding site, or disrupting an off-target locus that affects 6TG
resistance, or an individual gRNA inducing translocations of HPRT1 at a high rate). By excluding
these gRNAs, we can more confidently attribute observed phenotypes to programmed deletion
induced by the gRNA pairs. ¢, Each gRNA pair was included in both possible orderings on the
microarray. This was intended to minimize the impact of differences between the promoters, as
well as to increase the chance that each deletion will be represented in the library, as synthesizing
each pair twice reduces loss due to synthesis errors and cloning bottlenecks.
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Figure 4.5. Distribution of selection scores across biological replicates for ScanDel gRNA

pairs or individual gRNAs.

a, Each gRNA pair in the ScanDel screens was assigned a selection score equal to
log10(after/before 6TG). The minimum selection score threshold described in Methods (-0.35 for
replicate 1, -0.15 for replicate 2) is drawn with a dotted red line. b, Each gRNA in the individual

gRNA screen was assigned a selection score as in a, for each replicate. The minimum negative
selection score threshold (-0.4 for both replicates) is drawn with a dotted red line.
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Figure 4.6. ScanDel scores correlate across two biological replicates.

The ScanDel selection scores for each biological replicate were calculated per base-pair by
averaging the logl0(after/before 6TG) for every programmed deletion that covers that base-pair.
Least squares lines and points are colored by sequence content category. The stronger correlation
for the ‘intronic’ category is driven by sequences proximal to the exons. Red corresponds to exons
(Pearson: 0.736); green to intragenic regions (Pearson: 0.417); blue to intronic regions (within 2
Kb of an exon, Pearson: 0.628; deeply intronic, Pearson: -0.0194); and purple is the promoter (1
Kb upstream of the TSS, Pearson: 0.905).
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Figure 4.7. None of the negative control gRNA pairs were positively selected by 6TG in both
ScanDel replicates.

a, Negative control gRNA pairs targeting random sequences not found in hgl9 were given a
selection score of loglO(after/before 6TG). Only gRNA pairs sampled in both replicates are
plotted. b, Additional negative control gRNA pairs were programmed to create 1 and 2 Kb
deletions in regions not expected to cause 6TG resistance. Selection scores were calculated for
each gRNA pair as in a, and plotted for gRNA pairs found in both replicates. These region’s
coordinates were randomly generated from poorly conserved sequence 1 not within 10 Kb of any
gene and far from HPRT1 (chr8:23768553-23771053, chr4:25697737-25700237, chr9:41022164-
41024664, chr5:12539119-12541619, chr6:23837183-23839683, chr8:11072736-11075236). ¢,
Table showing counts of positively and negatively selected negative control gRNA pairs across
experiments.
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Figure 4.8. All exons and some exon-proximal non-coding regions score strongly in both the
ScanDel gRNA pair screen and the individual gRNA screen.

a, ATAC-seq data (green) from the HAP1 cell line displayed for the HPRTI locus
(chrX:133,591,675-133,637,198, hgl9). Bars depict hotspots 2 and beneath is the pile-up
representation of ATAC-seq reads. b, The same ScanDel data is displayed as in Figure 4.3¢ but
zoomed-in on the HPRTT1 locus. Each base-pair’s score is the mean of the log10(after/before 6TG)
values for all the programmed deletions that cover that base-pair. These scores are normalized to
the median positive score from the replicate. The average of the two replicates’ scores for each
base-pair is displayed. ¢, The same individual gRNA data is displayed as in Figure 4.3d but zoomed
in on HPRT1. Each base-pair score is the mean of the loglO(after/before 6TG) values for all the
inferred 10 bp deletions that remove that base-pair, normalized as above. d, The same ScanDel
track as in a but with per base-pair scores calculated after excluding any deletions programmed to
disrupt an exon.
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Figure 4.9. HAP1 chromatin accessibility near HPRT1.

a, To assess HAP1’s suitability as a model in which to study the ubiquitously expressed HPRTI,
regions of accessibility were compared across HAP1 and 125 ENCODE cell types. The 206.1 Kb
encompassing HPRTI and its surrounding sequence interrogated by this screen
(chrX:133,507,694-133,713,798, hg19, UCSC Genes track in blue). b, Regions of open chromatin
in HAPI cells (green) as profiled by ATAC-seq. ¢, Clusters of DNase accessibility peaks across
125 cell lines assayed by the ENCODE. Each accessible region is labeled with the number of cell
lines in which it is detected. Though there are many cell-type specific peaks, the HAP1 open
chromatin regions match sites commonly accessible across many cell lines.

132



HAP1
ATAC-seq
HAP1
ATAC-seq

4
z
H

HPY " VR

werage of
normalized log10(ratio)

average of
normalized log10(ratio)

o

eioecre 86 b5 Gsbs  Rabs G beoresT

o

£ i g 1o ] I 1

s 2 i % 80

@ | g e

ge i ® g 0

o i =) 2 20

53 . ® 0 S

; ]

—————— —————————————————————————
|

CD:
Per base e

I 1 11 5VUR

CDS

|

I mmmmunrn cos

INNARRRR RN RN RN RN RN RRRNNY 5'UTR
ARRRAN RRRNRAN HORED DRNRNRARRRNDRNRNNNN S UTR
A0 00 _RNRNRAD HORED DRNRDRRRERERREDEND

Figure 4.10. Long-read sequencing reveals rare, unprogrammed, exon-interrupting deletions
that drive selective effects.

a, A putative promoter is implicated by open chromatin (HAP1 ATAC-seq broad peaks, green)
surrounding HPRT1’s first exon (UCSC Genes, black). ScanDel signal in the 2 Kb upstream of
HPRTI also suggests the possibility of critical regulatory sequences in this region (blue,
chrX:133,591,603-133,594,626, hgl19). The 5’ UTR and coding regions of exon 1 are highlighted
in purple and orange, respectively. b, Four gRNA pairs targeting the promoter were cloned as a
small pool, delivered, and selected with 6TG to enable sequencing of the edited locus
(programmed deletions displayed as red bars). A 3 Kb region was amplified and sequenced with
long reads (Pacific Biosciences). ¢, The chart at the top displays per-base percentages for deletions
(red) or insertions (blue), with target sites indicated by vertical gray bars. Horizontal bars show
the edits found on each haplotype ranked by decreasing prevalence. All programmed deletions are
abundant before 6TG treatment, in addition to rare, unexpected deletions. The notations to the right
indicate if the edits interrupt the TSS/5’UTR (purple bar) and/or coding sequence (orange bar).
The unedited haplotype is marked with a green dot. Of note, PCR and sequencing on the PacBio
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RSII are biased towards smaller fragments, limiting accurate quantitative comparison of read
counts from differently sized edits. d, Haplotypes from 6TG-selected cells are plotted as in ¢
revealing that only edits that interrupt the TSS/5’UTR survive selection, with no programmed or
‘promoter only’ deletions surviving selection. e, Open chromatin (green) and ScanDel signal
suggests the presence of critical non-coding regulatory sequences in the first ~2.7 Kb of intron 1
(chrX:133,593,871-133,596,998, hgl9). f, 5 gRNA pairs that drove the signal in this intronic
region were cloned and 6TG selected as a small pool, as in ¢. g, A 3.1 Kb region spanning the 5°-
most part of intron 1 was amplified and sequenced from cells sampled before 6TG selection.
Haplotypes and per-base editing rates are diagrammed as in ¢. h, Post-6TG selection haplotypes
from the intron 1-targeted cells are plotted as in g revealing that the vast majority of surviving edits
disrupt the exon. Two edited haplotypes do not interfere with the exon, but these are present at
approximately the level of unedited haplotypes, suggesting 6 TG resistance in these cells is caused
by mutations elsewhere.
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Figure 4.11. None of the negative control random-sequence gRNAs were positively selected
in both individual gRNA screen replicates.

a, Selection scores across replicates for individual gRNAs that target regions not expected to
induce 6TG resistance (as described in Figure 4.7). Only gRNAs sampled in both replicates are
plotted. b, Table of the negative control gRNAs selected in both, either, or neither biological

replicate.
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Figure 4.12. Correlation of the individual gRNA screen scores across two biological
replicates.

The individual gRNA scores for each biological replicate were calculated per base-pair and
presented as mean of logl0(after/before 6TG) between replicates. Least squares lines and points
are colored by sequence content category. Specifically, intronic sequence within 2 Kb of an exon
is colored in green (Pearson: 0.176); exons are red (Pearson: 0.818); deep intronic is yellow
(Pearson: -0.14); intragenic sequences are blue (Pearson: 0.070; and promoter sequence (2 Kb
upstream of the TSS) is purple (Pearson: 0.022).
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Figure 4.13. Direct genotyping of edits from an individual gRNA mutagenesis screen also
reveals rare, unexpected edits that disrupt HPRTI’s exon 1.
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a, A greater proportion of gRNAs targeting non-coding sequence within 2 Kb of exons were
positively selected in an individual gRNA screen across the HPRT1 locus (Figure 4.3e; data shown
from replicate 1). Each gRNA was assigned a score equal to the loglO(after/before 6TG). b,
gRNAs that target upstream of the transcriptional start site are positively selected. The 2.4 Kb
region sequenced for genotype validation (chrX:133,592,240-133,594,646, hg19) is shown. ¢, For
validation, 10 gRNAs in this 2.4 Kb promoter region were cloned into a low complexity library,
delivered to HAP1 cells expressing Cas9, and selected with 6TG. After selection, the 2.4 Kb
promoter region was amplified for long-read sequencing. d, Before 6 TG selection reads are plotted
as in Figure 4.10c. Briefly, the per-base percentage of haplotypes that carried a deletion (red) or
insertion (blue) is charted. The edits of the most-prevalent haplotypes from long-read sequencing
are drawn as colored bars, and the notations to the right indicate if the edits interrupt the
TSS/5’UTR (purple) or coding sequence (orange) of exon 1. A green dot signifies the unedited
haplotype. Target site programmed edits are observed and are mainly comprised of the expected
small indels, in addition to rarely occurring larger deletions. PCR and sequencing on the PacBio
RSII are biased towards smaller fragments, limiting accuracy of quantitative comparison of the
read-count prevalence of different sized edits. e, The most abundant haplotypes from cells after
6TG selection are visualized as in d. Only mutations that interrupt exon 1 survive 6TG selection.
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Chapter 5. WHOLE-ORGANISM LINEAGE TRACING BY
COMBINATORIAL AND CUMULATIVE
GENOME EDITING

Chapter 5 is adapted with minimal modifications from:
McKenna, A., Findlay, G.M., Gagnon, J.A., Horwitz, M.S., Schier, A.F., and Shendure,

J. (2016). Whole-organism lineage tracing by combinatorial and cumulative genome
editing. Science 353, aaf7907.

First authorship is shared between AM, GMF, and JAG.

5.1 ABSTRACT

Multicellular systems develop from single cells through distinct lineages. However,
current lineage tracing approaches scale poorly to whole, complex organisms. Here we use
genome editing to progressively introduce and accumulate diverse mutations in a DNA barcode
over multiple rounds of cell division. The barcode, an array of CRISPR/Cas9 target sites, marks
cells and enables the elucidation of lineage relationships via the patterns of mutations shared
between cells. In cell culture and zebrafish, we show that rates and patterns of editing are tunable,
and that thousands of lineage-informative barcode alleles can be generated. By sampling
hundreds of thousands of cells from individual zebrafish, we find that most cells in adult organs
derive from relatively few embryonic progenitors. In future analyses, genome editing of synthetic
target arrays for lineage tracing (GESTALT) can be used to generate large-scale maps of cell

lineage in multicellular systems for normal development and disease.
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5.2 INTRODUCTION

The tracing of cell lineages was pioneered in nematodes by Charles Whitman in the 1870s,
at a time of controversy surrounding Ernst Haeckel’s theory of recapitulation, which argued that
embryological development paralleled evolutionary history (Stent, 2002). This line of work
culminated a century later in the complete description of mitotic divisions in the roundworm C.
elegans - a tour de force facilitated by its visual transparency as well as the modest size and
invariant nature of this nematode’s cell lineage (Sulston et al., 1983).

Over the past century, a variety of creative methods have been developed for tracing cell
lineage in developmentally complex organisms (Kretzschmar and Watt, 2012). In general, subsets
of cells are marked and their descendants followed as development progresses. The ways in which
cell marking has been achieved include dyes and enzymes (Keller, 1975; Kimmel and Law, 1985;
Weisblat et al., 1978), cross-species transplantation (Le Douarin and Teillet, 1974), recombinase-
mediated activation of reporter gene expression (Dymecki and Tomasiewicz, 1998; Zinyk et al.,
1998), insertion of foreign DNA (Lu et al., 2011; Porter et al., 2014; Walsh and Cepko, 1992),
and naturally occurring somatic mutations (Behjati et al., 2014; Lodato et al., 2015; Salipante and
Horwitz, 2006). However, despite many powerful applications, these methods have limitations
for the large-scale reconstruction of cell lineages in multicellular systems. For example, dye and
reporter gene-based cell marking are uninformative with respect to the lineage relationships
between descendent cells. Furthermore, when two or more cells are independently but
equivalently marked, the resulting multitude of clades cannot be readily distinguished from one
another. Although these limitations can be overcome in part with combinatorial labeling systems
(Livet et al., 2007) or through the introduction of diverse DNA barcodes (Lu et al., 2011; Porter

et al., 2014; Walsh and Cepko, 1992), these strategies fall short of a system for inferring lineage
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relationships throughout an organism and across developmental time. In contrast, methods based
on somatic mutations have this potential, as they can identify lineages and sub-lineages within
single organisms (Carlson et al.,, 2011; Salipante and Horwitz, 2006). However, somatic
mutations are distributed throughout the genome, necessitating whole genome sequencing, which
is expensive to scale beyond small numbers of cells and not readily compatible with in situ
readouts (Ke et al., 2013; Lee et al., 2014).

What are the requirements for a system for comprehensively tracing cell lineages in a
complex multicellular system? First, it must uniquely and incrementally mark cells and their
descendants over many divisions and in a way that does not interfere with normal development.
Second, these unique marks must accumulate irreversibly over time, allowing the reconstruction
of lineage trees. Finally, the full set of marks must be easily read out in each of many single cells.

We hypothesized that genome editing, which introduces diverse, irreversible edits in a
highly programmable fashion (Doudna and Charpentier, 2014), could be repurposed for cell
lineage tracing in a way that realizes these requirements. To this end, we developed genome
editing of synthetic target arrays for lineage tracing (GESTALT), a method that uses
CRISPR/Cas9 genome editing to accumulate combinatorial sequence diversity to a compact,
multi-target, densely informative barcode. Edited barcodes can be efficiently queried by a single
sequencing read from each of many single cells (Figure 5.1A). In both cell culture and in the
zebrafish Danio rerio, we demonstrate the generation of thousands of uniquely edited barcodes
that can be related to one another to reconstruct cell lineage relationships. In adult zebrafish, we
observe that the majority of cells of each organ are derived from a small number of progenitor
cells. Furthermore, ancestral progenitors, inferred on the basis of shared edits amongst subsets of

derived alleles, make highly non-uniform contributions to germ layers and organ systems.
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5.3 RESULTS

5.3.1 Combinatorial editing of a compact genomic barcode in cultured cells

To test whether genome editing can be used to generate a combinatorial diversity of
mutations within a compact region, we synthesized a contiguous array of ten CRISPR/Cas9
targets separated by 3 base-pair (bp) linkers (total length of 257 bp). The first target perfectly
matched one single guide RNA (sgRNA), whereas the remainder were off-target sites for the
same sgRNA, ordered from highest to lowest activity (Tsai et al., 2015). This array of targets (‘v1
barcode’) was cloned downstream of an EGFP reporter in a lentiviral construct (Sancak et al.,
2008). We then transduced HEK293T cells with lentivirus and used FACS to purify an EGFP-v1
positive population. To edit the barcode, we co-transfected these cells with a plasmid expressing
Cas9 and the sgRNA and a vector expressing Discosoma red fluorescent protein (DsRed). Cells
were sorted three days post-transfection for high DsRed expression, and genomic DNA (gDNA)
was harvested on day 7. The v1 barcode was PCR amplified and the resulting amplicons subjected
to deep sequencing.

To minimize confounding sequencing errors, which are primarily substitutions, we
analyzed edited barcodes for only insertion-deletion changes relative to the ‘wild-type’ vl
barcode. In this first experiment, we observed 1,650 uniquely edited barcodes (each observed in
>25 reads) with diverse edits concentrated at the expected Cas9 cleavage sites, predominantly
inter-target deletions involving sites 1, 3 and 5, or focal edits of sites 1 and 3 (Figure 5.1B,C).
These results show that combinatorial editing of the barcode can give rise to a large number of
unique sequences, i.e. “alleles”.

To evaluate reproducibility, we transfected the same editing reagents to cultures expanded

from three independent EGFP-v1 positive clones. Targeted RT-PCR and sequencing of EGFP-
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vl RNA showed similar distributions of edits to the v1 barcode in the transcript pool, between
replicates as well as in comparison to the previous experiment (Figure 5.2). These results show
that the observed editing patterns are largely independent of the site of integration and that edited
barcodes can be queried from either RNA or DNA.

To evaluate how editing outcomes vary as a function of Cas9 expression, we co-
transfected EGFP-v1 positive cells with a plasmid expressing Cas9 and the sgRNA as well as an
DsRed vector, and after four days sorted cells into low, medium, and high DsRed bins and
harvested gDNA. Overall editing rates matched DsRed expression (frequency of non-wild-type
barcodes: low DsRed = 40%; medium DsRed = 69%; high DsRed = 91%). The profile of edits
observed remained similar, but there were fewer inter-target deletions in the lower DsRed bins
(Figure 5.3). These results show that adjusting expression levels of editing reagents can be used
to modify the rates and patterns of barcode editing.

We also synthesized and tested three barcodes (v2-v4) with nine or ten weaker off-target
sites for the same sgRNA as used for v1 (Tsai et al., 2015). Genome editing resulted in derivative
barcodes with substantially fewer edits than seen with the vl barcode, but a much greater
proportion of these edits were to a single target site, i.e. fewer inter-target deletions were observed
(Figure 5.1D,E, Figure 5.4A,B). As only a few targets were substantially edited in designs v1-
v4, we combined the most highly active targets to a new, twelve target barcode (v5). This barcode
exhibited more uniform usage of constituent targets, but with relative activities still ranging over
two orders of magnitude (Figure 5.4C). These results illustrate the potential value of iterative
barcode design.

To determine whether the means of editing reagent delivery influences patterns of barcode

editing, we introduced a lentiviral vector expressing Cas9 and the same sgRNA to cells containing
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the v5 barcode (Sanjana et al., 2014). After two weeks of culturing a population bottlenecked to
200 cells by FACS, we observed diverse barcode alleles but with substantially fewer inter-target
deletions than with episomal delivery of editing reagents (Figure 5.4D). This finding
demonstrates that the allelic spectrum can also be modulated by the delivery mode of editing
reagents.

Taken together, these results show that editing multiple target sites within a compact
barcode can generate a combinatorial diversity of alleles, and also that these alleles can be read
out by single sequencing reads derived from either DNA or RNA. Rates and patterns of barcode
editing are tunable by using targets with different activities and/or off-target sequences, by
iteratively recombining targets to new barcode designs, and by modulating the concentration and

means of delivery of editing reagents.

532 Reconstruction of lineage relationships in cultured cells

To determine whether GESTALT could be used to reconstruct lineage relationships, we
applied it to a designed lineage in cell culture (Figure 5.5). A monoclonal population of EGFP-
v1 positive cells was transfected with editing reagents to induce a first round of mutations in the
v1 barcode. Clones derived from single cells were expanded, sampled, split, and re-transfected
with editing reagents to induce a second round of mutations of the vl barcode. For each clonal
population, two 100-cell samples of the re-edited populations were expanded and harvested for
gDNA. In these experiments, we began incorporating unique molecular identifiers (UMIs; 10 bp)
during amplification of barcodes by a single round of polymerase extension (Figure 5.6A). Each
UMI tags the single barcode present within each single cell, thereby allowing for correction of
subsequent PCR amplification bias and enabling each UMI-barcode combination to be interpreted

as deriving from a single cell (Miner et al., 2004).
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Seven of twelve clonal populations we isolated contained mutations in the v1 barcode that
were unambiguously introduced during the first round of editing (Figure 5.5A). Additional edits
accumulated in re-edited cells but generally did not disrupt the early edits (Figure 5.5B, Figure
5.7). We next sought to reconstruct the lineage relationships between all alleles observed in the
experiment using a maximum parsimony approach (Figure 5.6B) (Felsenstein, 1989). The
resultant tree contained major clades that were defined by the early edits present in each lineage
(Figure 5.5C). Four clonal populations (#3, #5, #7 and #8) were cleanly separated upon lineage
reconstruction, with >99.7% of cells accurately placed into each lineage’s major clade. Two
lineages (#1 and #6) were mixed because they shared identical mutations from the first round of
editing. These most likely represent the recurrence of the same editing event across multiple
lineages, but could also have been daughter cells subsequent to a single, early editing event prior
to isolating clones. Consequently, 99.9% of cells of these two lineages were assigned to a single
clade (Figure 5.5C, blue). One clonal population (#4) appears to have derived from two
independent cells, one of which harbored an unedited barcode. Later editing of these barcodes
confounded the assignment of this lineage on the tree. Overall, however, these results demonstrate

that GESTALT can be used to capture and reconstruct cell lineage relationships in cultured cells.

5.33 Combinatorial and cumulative editing of a genomic barcode in zebrafish

To test the potential of GESTALT for in vivo lineage tracing in a complex multicellular
organism, we turned to the zebrafish Danio rerio. We designed two new barcodes, v6 and v7,
each with ten sgRNA target sites that are absent from the zebrafish genome and predicted to be
highly editable. In contrast to v1-v5, in which the target sites are variably editable by one sgRNA,
the targets within v6 or v7 are designed to be edited by distinct sgRNAs. We generated transgenic

zebrafish that harbor each barcode in the 3> UTR of DsRed driven by the ubiquitin promoter
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(Kawakami, 2007; Porter et al., 2014) and a GFP marker that is expressed in the cardiomyocytes
of the heart (Figure 5.8) (Pan et al., 2013). To evaluate whether diverse alleles could be generated
by in vivo genome editing, we injected Cas9 and ten different sgRNAs with perfect
complementarity to the barcode target sites into single-cell v6 embryos (Figure 5.9A). Editing of
integrated barcodes had no noticeable effects on development (Figure 5.10). To characterize
barcode editing in vivo, we extracted gDNA from a series of single 30 hours post fertilization
(hpf) embryos, and UMI-tagged, amplified and sequenced the v6 barcode. In control embryos
(Cas9-; n = 2), all 4,488 captured barcodes were unedited. In contrast, in edited embryos (Cas9+;
n = &), fewer than 1% of captured barcodes were unedited. We recovered barcodes from hundreds
of cells per embryo (median 943; range 257-2,832) and identified dozens to hundreds of alleles
per embryo (median 225; range 86-1,323). 41% +/- 10% of alleles were observed recurrently
within single embryos, most likely reflecting alleles that were generated in a progenitor of two or
more cells. Fewer than 0.01% of alleles were shared in pairwise comparisons of embryos,
revealing the highly stochastic nature of editing in different embryos. These results demonstrate

that GESTALT can generate very high allelic diversity in vivo.

5.3.4  Reconstruction of lineage relationships in embryos

To evaluate whether lineage relationships can be reconstructed using edited barcodes, we
focused on the v6 embryo with the lowest rates of inter-target deletions and edited target sites
(Figure 5.9; avg. 58% +/- 27% of target sites no longer a perfect match to the unedited target,
compared to 87% +/- 21% for all other 30 hpf v6 embryos). Application of our parsimony
approach (Figure 5.6B) to the 1,961 cells in which we observed 1,323 distinct alleles generated
the large tree shown in Figure 5.11. 1,307 of the 1,323 (98%) alleles could be related to at least

one other allele by one or more shared edits, 85% by two or more shared edits, and 56% by three
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or more shared edits. These results illustrate the principle of using patterns of shared edits between

distinct barcode alleles to reconstruct their lineage relationships in vivo.

5.3.5  Developmental timing of barcode editing

To determine the developmental timing of barcode editing, we injected Cas9 and ten
sgRNAs into one-cell stage v7 transgenic embryos and harvested genomic DNA before
gastrulation (dome stage, 4.3 hpf; n = 10 animals), after gastrulation (90% epiboly / bud stage, 9
hpf; n =11 animals), at pharyngula stage (30 hpf; n = 12 animals), and from early larvae (72 hpf;
n = 12 animals) (Figure 5.9A). We recovered barcode sequences from a median of 8,785 cells
per embryo (range 461-31,640; total of 45 embryos), comprising a median of 1,223 alleles per
embryo (range 15-4,195) (Figure 5.9C). Within single embryos, 65% +/- 6% of alleles were
observed recurrently, whereas in pairwise comparisons of embryos only 2% +/- 5% of alleles
were observed recurrently. The abundances of alleles were well-correlated between technical
replicates for each of two 72 hpf embryos (Figure 5.12A,B), and alleles containing many edits
were more likely to be unique to an embryo than those with few edits (Figure 5.12C). To assess
when editing begins, we analyzed the proportions of the most common editing events across all
barcodes sequenced in a given embryo, reasoning that the earliest edits would be the most
frequent. Across eight v6 and 45 v7 embryos, we never observed an edit that was present in 100%
of cells. This observation indicates that no permanent edits were introduced at the one-cell stage.
In nearly all embryos, we observe that the most common edit is present in >10% of cells, and in
some cases in ~50% of cells (Figure 5.9D, Figure 5.13). This observation also holds in ~4,000-
cell dome stage embryos, which result from approximately 12 rounds of largely synchronous
division unaccompanied by cell death. Most of these edits are rare or absent in other embryos,

suggesting they are unlikely to have arisen recurrently within each lineage. These results suggest
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that the edits present in ~50% of cells were introduced at the two-cell stage and that the edits
present in >10% of cells were introduced before the 16-cell stage.

How long does barcode editing persist? Two aspects of the data suggest that it tapers
relatively early in development. First, in dome stage embryos (4.3 hpf), we captured barcodes
from a median of 2,086 cells, in which a median of 4.8 targets were edited. Although the number
of cells and alleles that we were able to sample increased at the later developmental stages, the
proportion of edited sites appeared relatively stable (Figure 5.9C). If editing were occurring
throughout this time course, we would instead expect the proportion of edited sites to increase
substantially. Second, the number of unique alleles appears to saturate early, never exceeding
4,200 (Figure 5.9E). For example, only 4,195 alleles were observed in a 72 hpf embryo in which
we sampled the highest number of cells (n = 31,639). These results suggest that the majority of

editing events occurred before dome stage.

5.3.6 Editing diversity in adult organs

To evaluate whether barcodes edited during embryogenesis can be recovered in adults,
we dissected two edited 4-month old v7 transgenic zebrafish (ADR1 and ADR2) (Figure 5.14A).
We collected organs representing all germ layers - the brain and both eyes (ectodermal), the
intestinal bulb and posterior intestine (endodermal), the heart and blood (mesodermal), and the
gills (neural crest, with contributions from other germ layers). We further divided the heart into
four samples — a piece of heart tissue, dissociated unsorted cells (DHCs), FACS-sorted GFP+
cardiomyocytes, and non-cardiomyocyte heart cells (NCs) (Figure 5.15). We isolated genomic
DNA from each sample, amplified and sequenced edited barcodes with high technical
reproducibility (Figure 5.16), and observed barcode editing rates akin to those in embryos

(Figure 5.17). For zebrafish ADR1, we captured barcodes from between 776 and 44,239 cells
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from each tissue sample (median 17,335), corresponding to a total of 197,461 cells and 1,138
alleles. For zebrafish ADR2, we captured barcodes from between 84 and 52,984 cells from each
tissue sample (median 20,973), corresponding to a total of 217,763 cells and 2,016 alleles. These
results show that edits introduced to the barcode during embryogenesis are inherited through

development and tissue homeostasis and can be detected in adult organs.

5.3.7  Differential contribution of embryonic progenitors to adult organs

To analyze the contribution of diverse alleles to different organs, we compared the
frequency of edited barcodes within and between organs. We first examined blood (of note,
zebrafish erythrocytes are nucleated (Thisse and Zon, 2002)). Only 5 alleles defined over 98% of
cells in the ADR1 blood sample (Figure 5.14B), suggesting highly clonal origins of the adult
zebrafish blood system from a few embryonic progenitors. Consistent with the presence of blood
in all dissected organs, these common blood alleles were also observed in all organs (10-40%;
Figure 5.14C) but largely absent from cardiomyocytes isolated by flow sorting (0.5%).
Furthermore, the relative proportions of these five alleles remained constant in all dissected
organs, suggesting that they primarily mark the blood and do not substantially contribute to non-
blood lineages (Figure 5.14D). In performing similar analyses of clonality across all organs
(while excluding the five most common blood alleles), we observed that a small subset of alleles
dominates each organ (Figure 5.14E). Indeed, for all dissected organs, fewer than 7 alleles
comprised >50% of cells (median 4, range 2-6), and, with the exception of the brain, fewer than
25 alleles comprised >90% of cells (median 19, range 4-38). Most of these dominant alleles were
organ-specific, i.e. although they were found rarely in other organs, they tended to be dominant
in only one organ (Figure 5.14F). For example, the most frequent allele observed in the intestinal

bulb comprised 13.6% of captured non-blood cells observed in that organ, but <0.01% of cells
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observed in any other organ. There are exceptions, however. For example, one allele is observed
in 24.7% of sorted cardiomyocytes, 13.4% of the intestinal bulb, and at lower abundances in all
other organs. Similar results were observed in ADR2 (Figure 5.18). These results indicate that
the majority of cells in diverse adult organs are descended from a few differentially edited

embryonic precursors.

5.3.8  Reconstructing lineage relationships in adult organs

To reconstruct the lineage relationships between cells both within and across organs on
the basis of shared edits, we again relied on maximum parsimony methods (Figure 5.6B). The
resulting trees for ADR1 and ADR2 are shown in Figure 5.19 and Figure 5.20, respectively. We
observed clades of alleles that shared specific edits. For example, ADR1 had 8 major clades, each
defined by ‘ancestral’ edits that are shared by all captured cells assigned to that clade (Figure
5.21A; also indicated by colors in the tree shown in Figure 5.19). Collectively, these clades
comprised 49% of alleles and 90% of the 197,461 cells sampled from ADR1 (Figure 5.21A).
Blood was contributed to by 3 major clades (#3, #6, #7) (Figure 5.21B). After re-allocating the
5 dominant blood alleles from the composition of individual organs back to blood (Figure 5.14B
and Figure 5.22), we observed that all major clades made highly non-uniform contributions
across organs. For example, clade #3 contributed almost exclusively to mesodermal and
endodermal organs, while clade #5 contributed almost exclusively to ectodermal organs. These
results reveal that GESTALT can be used to infer the contributions of inferred ancestral
progenitors to adult organs.

Although some ancestral clades appear to contribute to all germ layers, we find that
subclades, defined by additional shared edits within a clade, exhibit greater specificity. For

example, although clade #1 contributes substantially to all organs except blood, additional edits
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divide clade #1 into three subclades with greater tissue restriction (Figure 5.21C,D). The #1+A
subclade primarily contributes to mesendodermal organs (heart, both gastrointestinal organs)
whereas the #1+C subclade primarily contributes to neuroectodermal organs (brain, left eye, and
gills). Similar patterns are observed for clade #2 (Figure 5.21E,F), where the #2+A subclade
contributes primarily to mesendodermal organs, the #2+B subclade to the heart, and the #2+C
clade to neuroectodermal organs. Additional edits divide these subclades into further tissue-
specific sub-subclades. For example, whereas the #2+A subclade is predominantly mesendoderm,
additional edits define #2+A+D (heart, primarily cardiomyocytes), #2+A+E (heart and posterior
intestine), and #2+A+F (intestinal bulb). All of the major clades exhibit similar patterns of
increasing restriction with additional edits (Figure 5.21C-F and Figure 5.23). Similar
observations were made in fish ADR2 (Figure 5.24). These results indicate that GESTALT can
record lineage relationships across many cell divisions and capture information both before and

during tissue restriction.

5.4  DISCUSSION

We describe a new method, GESTALT, which uses combinatorial and cumulative
genome editing to record cell lineage information in a highly multiplexed fashion. We
successfully applied this method to both artificial lineages (cell culture) as well as to a whole
organism (zebrafish). Full tree reconstructions for cell culture, zebrafish embryo, and zebrafish

adult experiments are provided at http://gestalt.gs.washington.edu/.

The strengths of GESTALT include: 1) the combinatorial diversity of mutations that can
be generated within a dense array of CRISPR/Cas9 target sites; 2) the potential for informative
mutations to accumulate across many cell divisions and throughout an organism’s developmental

history; 3) the ability to scalably query lineage information from at least hundreds of thousands of

151



cells and with a single sequencing read per single cell; 4) the likely applicability of GESTALT to
any organism, from bacteria and plants to vertebrates, that allows genome editing, as well as human
cells (e.g. tumor xenografts). Even in organisms in which transgenesis is not established, lineage
tracing by genome editing may be feasible by expressing editing reagents to densely mutate an
endogenous, non-essential genomic sequence.

Our experiments also highlight several remaining technical challenges. Chief amongst
these are: 1) the chance recurrence of identical edits or similar patterns of edits in distantly related
cells can confound lineage inference; 2) non-uniform editing efficiencies and inter-target deletions
within the barcode contribute to suboptimal sequence diversity and loss of information,
respectively; 3) the transient means by which Cas9 and sgRNAs are introduced likely restrict
editing to early embryogenesis; 4) the computational challenge of precisely defining the multiple
editing events that give rise to different alleles complicates the unequivocal reconstruction of
lineage trees; and 5) the difficulty of isolating tissues without contamination by blood and other
cells can hinder the assignment of alleles to specific organs. A broader set of challenges includes
the lack of information about the precise anatomical location and exact cell type of each queried
cell, the fact that genome editing events are not directly coupled to the cell cycle, and the failure
to recover all cells. These challenges currently hinder the reconstruction of a lineage tree as
complete and precise as the one that Sulston and colleagues described for C. elegans. Despite these
limitations, our proof-of-principle study shows that GESTALT can inform developmental biology
by richly defining lineage relationships among vast numbers of cells recovered from an organism.

The current challenges highlight the need for further optimization of the design of targets
and arrays, as well as the delivery of editing reagents. For example, an array containing twice as

many targets as used here could fit within a single read on contemporary sequencing platforms,
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thus yielding more lineage information per cell without sacrificing throughput. Also, as we have
shown, adjustments to the target sequences and dosages of editing reagents can be used to fine-
tune mutation rates and to minimize undesirable inter-target deletions. Finally, sgRNA sequences
and lengths (Fu et al., 2014b), Cas9 cleavage activity and target preferences (Kleinstiver et al.,
2015a; Slaymaker et al., 2016), and the means by which Cas9 and sgRNA(s) are expressed (e.g.
transient, constitutive (Platt et al., 2014), or induced (Ablain et al., 2015; Yin et al., 2015)), can
be altered to control the pace, temporal window and tissue(s) at which the barcodes are mutated.
For example, coupling editing to cell cycle progression might enable higher resolution
reconstruction of lineage relationships throughout development.

Our application of GESTALT to a vertebrate model organism, zebrafish, demonstrates its
potential to yield insights into developmental biology. First, our results suggest that relatively few
embryonic progenitor cells give rise to the majority of cells of many adult zebrafish organs,
reminiscent of clonal dominance (Gupta and Poss, 2012; Snippert et al., 2010). For example, only
5 of the 1,138 alleles observed in ADR1 gave rise to >98% of blood cells, and for all dissected
organs, fewer than 7 alleles comprised >50% of cells. There are several mechanisms by which
such dominance can emerge, e.g. by uneven starting populations in the embryo, drift, competition,
interference, unequal cell proliferation or death, or a combination of these mechanisms (Blanpain
and Simons, 2013; Henson and Hume, 2006; Klein and Simons, 2011; Pellettieri and Sanchez
Alvarado, 2007). Controlling the temporal and spatial induction of edits and isolating defined cell
types from diverse organs should help resolve the mechanisms by which different embryonic
progenitors come to dominate different adult organs.

Second, we show that GESTALT can inform the lineage relationships amongst thousands

of differentiated cells. For example, following the accumulation of edits from ancestral to more
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complex reveals the progressive restriction of progenitors to germ layers and then organs. Cells
within an organ can both share and differ in their alleles, revealing additional information about
organ development. Future studies will need to determine whether such lineages reflect distinct
cell fates (e.g., blood sub-lineages or neuronal subpopulations), because the anatomical resolution
at which we queried alleles was restricted to grossly dissected organs and tissues. Because edited
barcodes are expressed as RNA, we envision that combining our system with other platforms will
permit much greater levels of anatomical resolution without sacrificing throughput. For example,
in situ RNA sequencing of barcodes would provide explicit spatial and histological context to
lineage reconstructions (Ke et al., 2013; Lee et al., 2014). Also, capturing richly informative
lineage markers in single cell RNA-seq or ATAC-seq datasets may inform the interpretation of
those molecular phenotypes, while also adding cell type resolution to studies of lineage
(Cusanovich et al., 2015; Satija et al., 2015). Such integration may be particularly relevant to
efforts to build comprehensive atlases of cell types. Because these single cell methods generate
many reads per single cell, this would also facilitate using multiple, unlinked target arrays. In
principle, the combined diversity of the barcodes queried from single cells could be engineered
to uniquely identify every cell in a complex organism. In addition, orthogonal imaging-based
lineage tracing approaches in fixed and live samples (e.g., Brainbow and related methods (Livet
etal.,2007; Pan et al., 2013)) and longitudinal whole animal imaging approaches (Liu and Keller,
2016; Megason and Fraser, 2007) might be leveraged in parallel to validate and complement
lineages resolved by GESTALT.

Although further work is required to optimize GESTALT towards enabling
spatiotemporally complete maps of cell lineage, our proof-of-principle experiments show that

using multiplex in vivo genome editing to record lineage information to a compact barcode at an
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organism-wide scale will be a powerful tool for developmental biology. This approach is not
limited to normal development but can also be applied to animal models of developmental
disorders, as well as to investigate the origins and progression of cancer. Our study also supports
the notion that whereas its most widespread application has been to modify endogenous biological
circuits, genome editing can also be used to stably record biological information (Farzadfard and
Lu, 2014), analogous to recombinase-based memories but with considerably greater flexibility
and scalability. For example, coupling editing activity to external stimuli or physiological changes
could record the history of exposure to intrinsic or extrinsic signals. In the long term, we envision
that rich, systematically generated maps of organismal development, wherein lineage, epigenetic,
transcriptional and positional information are concurrently captured at single cell resolution, will

advance our understanding of normal development, inherited diseases, and cancer.

5.5 METHODS

5.5.1  Design of synthetic target arrays

Barcodes were designed as arrays of nine to twelve sense-oriented CRISPR/Cas9 target
sites (23 bp, protospacer plus PAM sequences) separated by 3-5 bp linker sequences. Four initial
designs (barcodes v1-v4) comprised of target sites for the sgRNA spacer sequence: 5’-
GGCACTGCGGCTGGAGGTGG. The v1 barcode was comprised of ten targets arrayed in order
of decreasing activity as measured with the GUIDE-seq assay performed in human cells (22),
starting with the target perfectly matching the sgRNA spacer sequence. The v2-v4 barcodes
comprised of nine to ten non-overlapping target sets, all with activities less than half the perfectly
matching target in the GUIDE-seq assay. To reduce repetitive subsequences within each barcode,
protospacers were chosen such that no 8 bp sequence was present in more than one protospacer

within each barcode. After testing activities of targets in the v1-v4 barcodes in cell culture, the v5
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barcode was designed to contain twelve targets that showed greater than ~1% editing activity,
including v1 targets 1-6, v3 target 1, v2 targets 1, 2 and 5, and v4 targets 1 and 3.

Two new barcodes, v6 and v7, were designed for use in zebrafish, each with ten CRISPR target
sites not found in the D. rerio genome. Candidate target sequences were screened to remove any
homopolymer runs, outside of the NGG of the protospacer, and were selected for editing activity

[http://crispr.mit.edu]. The v6 and v7 barcodes were constructed as a series of 10 protospacer

sequences meeting these criteria, with 4 bp linkers.
Each barcode was ordered as a gBlock (IDT) with ends compatible for In-Fusion cloning
(ClonTech) into the 3’ UTR of the EGFP gene in the lentiviral construct pLIM1-EGFP (Addgene

#19319).

552 Generation of cell lines containing synthetic target arrays

To generate cell lines harboring single copies of barcodes, lentiviral particles were produced in
HEK 293T cells transfected with lentivirus V2 packaging plasmids and barcode constructs. Viral
supernatant harvested three days post transfection was used at low MOI to transduce 293T cells
(MOI < 0.2). Successfully transduced cells were selected using puromycin (2 pg/ml), yielding
polyclonal, barcode” populations for barcodes v1-v5. Three monoclonal lines each harboring
barcode v1 were generated by single-cell FACS, and used experimentally to compare editing rates
across different integration sites. One of these was used as the parent line for cell culture lineages

derived using barcode v1.

5.5.3  Editing of barcodes in cell lines

293T populations bearing barcodes v1-v5 were grown to 50-90% confluency in a 6-well dish. Cells

were co-transfected using Lipofectamine 3000 (Life Technologies) according to protocol with 2
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png pX330-vl and 0.5 pg pDsRed in a 6-well dish. One to three days post transfection, the cells
were sorted on an Aria III FACS machine for DsRed fluorescence (as a marker transfection). As
indicated, either DsRed low, DsRed high, or total DsRed populations were sorted and cultured. At
7 days post-transfection, cells were harvested for gDNA preparation using the Qiagen DNeasy kit.
To stably deliver Cas9 and the sgRNA via lentivirus, the spacer sequence was cloned into the
plasmid LentiCrispr v2 (Zhang lab, Addgene #52961) and virus was produced in 293T cells in the
same manner described above. Wild-type 293T cells were transduced with pLenti-Crispr-V2-
HMID.v1 and selected with puromycin, and then transduced with lentivirus bearing barcode v5.
To impose a bottleneck, 200 GFP+ cells were sorted from this population and expanded under

puromycin selection for two weeks prior to sampling gDNA.

554 Cell culture lineage experiments

Twelve lineages were established from a monoclonal barcode v1 293T cell line by transfecting
cells as described above, and sorting single DsRed-low cells into a 96-well plate (DsRed low cells
were used to limit Cas9 delivery and thus potential saturation of possible edits in this initial editing
round). Cell sorting was performed seven days post-transfection, to reduce the likelihood that
additional edits would arise after lineages were separated. Single cell-derived populations were
expanded in culture for 3 weeks. A sample of cells from each lineage was pelleted and frozen.
Next, each of the twelve lineages were transfected a second time, to induce another round of
editing. Two 100-cell DsRed-low populations from each lineage were sorted 4-days post-
transfection, and cultured to confluence in 96-well plates before harvesting gDNA.

Four additional monoclonal populations bearing v5 barcodes edited via transfection of pX330-v1

were also isolated by single-cell sorting. Re-editing of each population was achieved by two
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successive rounds of transfection with pX330-v1 (3 days apart). Cells were harvested for gDNA

one week after the second transfection.

5.5.5  Barcode amplification and sequencing protocols

Kapa High Fidelity Polymerase was used for all barcode amplification steps. Gradient PCRs were
performed to optimize annealing temperatures for amplification from gDNA. For experiments
performed without UMIs, up to 250 ng of gDNA was loaded into a single 50 pl PCR reaction and
amplified using primers immediately flanking the barcode. If there was less than 250 ng from a
sample, all of it was used in a single reaction. For experiments performed with UMIs, a primer
with a sequencing adapter and 10 nt of fully degenerate sequence 5’ to the barcode-flanking
sequence was used for a single prolonged extension step, in which the temperature was ramped
between annealing and extending for five cycles (without a denaturing step to prevent re-sampling
of gDNA barcodes). All cell culture experiments and v6 zebrafish embryos received a single
extension to incorporate UMIs, whereas v7 embryo time-course experiments and all ADR1 tissues
(also v7) received 2 UMI incorporation cycles due to having low gDNA consequent to fewer cells
being present in early embryo and sorted heart samples. To minimize repetitive amplification of
the same barcode, no reverse primer was included in UMI-tagging reactions. DNA was then
purified using AMPure beads (Agencourt), and loaded into a PCR primed from the sequencing
adapter flanking each UMI and a site immediately 3° of the barcode.

For all experiments, two ensuing qPCRs were performed prior to sequencing to incorporate
sequencing adapters, sample indexes, and flow cell adapters. AMPure beads were used to purify
PCR products after each reaction.

Paired-end sequencing was performed on an Illumina MiSeq using 500- or 600-cycle kits for all

cell culture experiments. Zebrafish experiments were sequenced on an Illumina NextSeq using
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300-cycle kits. All sequencing generated adequate depth to sample each barcode present in a given
sample to an average of greater than 10x coverage. To minimize contributions from sequencing
error a read threshold was used for calling unique barcodes. This was conservatively set by
dividing the number of reads from a sample by the number of expected barcode copies to be present
in the amount of gDNA loaded into each PCR based on the assumption that each cell contributed
a single barcode.

Sequencing data for all samples was processed in a custom pipeline available on GitHub.
Briefly, amplicon sequencing reads were first processed with the Trimmomatic software package
to remove low quality bases (Figure 5.6A) (Bolger et al., 2014). The resulting reads were then
grouped by their UMI tag. A raw read count threshold was set for each experiment based on
sequencing depth, such that only UMIs observed in at least that many reads were analyzed to
minimize contributions from sequencing error. For each UMI, a consensus sequence was called
by jointly aligning all UMI-matched reads using the MAFFT multiple sequence aligner (Rice et
al., 2000). These reads were merged using the FLASH read merging tool (Mago¢ and Salzberg,
2011), and both merged and unmerged reads were aligned to the amplicon reference using the
NEEDLEALL aligner (Rice et al., 2000) with a gap open penalty of 10 and a gap extension penalty
of 0.5. To capture read-through, UMI degenerate bases and adapter sequences were included in
the reference amplicon sequence, and mismatches to Ns in the degenerate bases were set to a
penalty of 0. To eliminate off-target sequencing reads, aligned sequences were required to match
greater than 85% of bases at non-indel positions, to have correct PCR primer sequences on both
the 5’ and 3’ ends, and to match at least 50 bases of the reference sequence (including primer
sequences). Target sites were deemed edited if there was an insertion or deletion event present

within 3 bases of the predicted Cas9 cut site (3 nucleotides 5’ of each PAM), or if a deletion

159



spanned the site entirely. Sites were marked as disrupted if there was not perfect alignment of the
barcode over the entirety of the reference target sequence. An edited barcode was then defined as
the complete list of insertion and deletion events (i.e. ‘editing events’) within the consensus

sequence for a given UMI.

5.5.6  Maximum parsimony lineage reconstruction

For lineage reconstruction (Figure 5.6B), recurrently observed barcode alleles within a
single organ or cell population were reduced to a single representative entry. We then used Camin-
Sokal maximum parsimony to reconstruct lineages, as implemented in the PHYLIP Mix software
package (Felsenstein, 1989). Camin-Sokal maximum parsimony assumes that the initial cell or
zygote is unedited, and that editing is irreversible. To run Mix, a matrix was created where each
row corresponded to an allele, and each column corresponds to a unique editing event. Each entry
in this matrix is an indicator variable of presence or absence of a specific edit in that allele (1 or
0). Events were also weighted by their log-abundance and scaled to the range allowed in Mix (0-
7). Mix was run with both the indicator data matrix as well as the weights file (selecting run options
P, W, 4, and 5), and the output was parsed to recover the edit state of ancestral (internal) nodes.
When Mix discovered multiple equal-scoring trees, we took the tree in the highest proportion. If
two trees tied for highest proportion, we took the last highest scoring tree. To eliminate
unsupported internal branching, we pruned internal parent-child nodes that had identical alleles.
When a parent node and child node share the same allele, and neither node was a leaf, the
grandchildren nodes were transferred to the parent and the child node was removed, creating
multifurcating parent nodes. The resulting tree was converted to an annotated JSON tree

compatible with our visualization tools.
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5.5.7  Zebrafish husbandry

All vertebrate animal work was performed at the facilities of Harvard University, Faculty
of Arts & Sciences (HU/FAS). This study was approved by the Harvard University/Faculty of Arts
& Sciences Standing Committee on the Use of Animals in Research & Teaching under Protocol
No. 25-08. The HU/FAS animal care and use program maintains full AAALAC accreditation, is

assured with OLAW (A3593-01), and is currently registered with the USDA.

5.5.8 Cloning transgenesis vector

The transgenesis vectors pTol2-DRv6 and pTol2-DRv7 were constructed as follows. The
v6 or v7 array was cloned into the 3> UTR of a DsRed coding sequence under control of the
ubiquitin promoter (57). This cassette was placed in a Tol2 transgenesis vector containing a
cmlc2:GFP marker, which drives expression of GFP in the cardiomyocytes of the heart from 24

hpf to adulthood (52). Plasmids are available from Addgene.

5.5.9 Generating transgenic zebrafish

To generate founder fish, 1-cell embryos were injected with zebrafish codon optimized
Tol2 mRNA and pTol2-DR1v6 or pTol2-DR1v7 vector. Potential founder fish were screened for
heart GFP expression at 30 hpf and grown to adulthood. Adult founder transgenic fish were
identified by outcrossing to wild type and screening clutches of embryos for heart GFP expression

at 30 hpf.

5.5.10 Transgene copy number quantification

To identify single copy Tol2 transgenics, copy number was quantified using qPCR (Pan et

al., 2013). Briefly, genomic DNA was extracted from candidate embryos or fin-clips of adult fish
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using the HotSHOT method (Meeker et al., 2007) and subjected to qPCR using a set of primers
targeting DsRed and a set targeting a diploid conserved region of the genome and compared to

reference non-transgenic, 1-copy and 2-copy transgenic animals using the ddCt method.

5.5.11  Generation and delivery of editing reagents

sgRNAs specific to each site of the v6 or v7 array were generated as previously described
(Gagnon et al., 2014), except that sgRNAs were isolated after transcription by column purification
(Zymogen). 1-cell embryos resulting from an outcross of a transgenic founder were injected with
two different volumes (0.5 nl, 1/3x or 1.5nl, 1x) of Cas9 protein (NEB) and sgRNAs in salt solution
(8 uM Cas9, 100 ng/ul pooled sgRNAs, 50 mM KCl, 3 mM MgCl,, 5 mM Tris HCI pH 8.0, 0.05%
phenol red). Transgenic embryos were collected at the time points indicated in the text and
genomic DNA extracted as described below. To confirm editing, PCR was conducted on a subset
of samples using primers flanking the v6 or v7 array, and amplicons were loaded on a 2% agarose

gel for electrophoresis.

5.5.12  Imaging

Embryos were anaesthetized and manually dechorionated in MS222, mounted in

methylcellulose and imaged using a Leica upright fluorescence microscope.

5.5.13  Organ Dissection

Adult edited single copy transgenic fish were isolated without food for one day to reduce
food particles in the gastrointestinal system, then anaesthetized in MS222 and euthanized on ice.
Before dissection, blood was collected using a centrifugation method (Babaei et al., 2013). This
collection method greatly enriches for blood cells, particularly red blood cells, but also results in

contamination from skin or other tissues. The fish were pinned on a silicon mat and surgery was
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conducted using sterile tools to remove organs as in (Gupta and Mullins, 2010). Organs were
washed in PBS and, with the exception of the heart, frozen in tubes on dry ice. A piece of heart
tissue was collected before the remainder of the heart was dissociated following manufacturer's
instructions (Miltenyi #130-098-373). After dissociation, a sample of dissociated heart cells was
collected (DHCs), and the remaining cells sorted using a Beckman Coulter MoFlo XDP Cell Sorter
through a series of three gates to minimize debris and cell doublets, and then split into two

additional populations: GFP+ cardiomyocytes and GFP- non-cardiomyocyte heart cells (NCs).

5.5.14  Genomic DNA preparation from zebrafish embryos and organs

Zebrafish embryo and adult organ gDNA was prepared using the Qiagen DNeasy kit. For
heart samples from cell sorting experiments, 1 pl of poly-dT carrier DNA (25 uM) was added prior
to gDNA preparation. Digestion with proteinase K at 56° C was performed overnight for intact
organs (brain, eyes, gills, intestinal bulb, posterior intestine, and piece of heart) and for 30 minutes
for blood samples, dissociated heart cells and embryos. gDNA was eluted in 100 pl, then

concentrated using an Eppendorf Vacufuge for samples yielding less than 1 pg.
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Figure 5.1. Genome editing of synthetic target arrays for lineage tracing (GESTALT).

(A) An unmodified array of CRISPR/Cas9 target sites (i.e., a barcode) is engineered into a genome
(gray cell). Editing reagents are introduced during expansion of cell culture or in vivo development
of an organism, resulting in a unique pattern of insertions and deletions (right), and are stably
accumulated in specific lineages (green cell lineage). The lineage relationships of alleles that differ
in seque------- nce can often be inferred on the basis of these accumulated edits. (B) The 25 most
frequent alleles from the edited v1 barcode are shown. Each row corresponds to a unique sequence,
with red bars indicating deleted regions and blue bars indicating insertion positions. Blue bars
begin at the insertion site, with their width proportional to the size of the insertion, which will
rarely obscure immediately adjacent deletions. The number of reads observed for each allele is
plotted at the right (log10 scale; the green bar corresponds to the unedited allele). The frequency
at which each base is deleted (red) or flanks an insertion (blue) is plotted at the top. Light gray
boxes indicate the location of CRISPR protospacers while dark gray boxes indicate PAM sites.
For the v1 array, inter-target deletions involving sites 1, 3 and 5, or focal (single target) edits of
sites 1 and 3 were observed predominantly. (C) A histogram of the size distribution of insertion
(top) and deletion (bottom) edits to the v1 array is shown. The colors indicate the number of target
sites impacted. Although most edits are short and impact a single target, a substantial proportion
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of edits are inter-target deletions. (D) We tested three array designs in addition to v1, each
comprising nine to ten weaker off-target sites for the same sgRNA (v2-v4). Editing of the v2 array
is shown with layout as described in panel (B). Editing of the v3 and v4 array are shown in Figure
5.4. The weaker sites within these alternative designs exhibit lower rates of editing than the v1
array, but also a much lower proportion of inter-target deletions. (E) A histogram of the size
distribution of insertion (top) and deletion (bottom) edits to the v2 array is shown. In contrast with
the v1 array, almost all edits impact only a single target.
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Figure 5.2. RNA-based readout of vl barcode editing.

(A-C) The 50 most frequent alleles of the v1 barcode are depicted, based on reverse transcription,
amplification and sequencing from mRNA. Three biological replicates are shown for comparison,

wherein each experiment was performed on a culture expanded from an independent v1+ clone.
Layout is as described in the Figure 5.1B legend.
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Figure 5.3. Editing rates of the vl barcode correlate with transfection efficiency.

To evaluate how editing outcomes vary as a function of Cas9 expression, v1+ cells were co-
transfected with pX330-v1 and a DsRed vector four days prior to sorting into bins based on DsRed
expression and harvesting gDNA. The observed patterns of editing are shown for low (A), medium
(B) and high (C) DsRed expression bins. Layout is as described in the Figure 5.1B legend, and
top 60 alleles in each experiment are shown. Overall editing rates correlated with DsRed
expression (low: 40%; medium: 69%; high: 91%), presumably reflecting transfection efficiency.
The overall profile of edits observed remained approximately similar, although the proportion of
inter-target deletions correlated with DsRed expression.
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Figure 5.4. Genome editing of alternative barcode designs.

(A, B) In addition to v1, three additional barcode designs were tested, each with nine or ten weaker
off-target sites for the same sgRNA (v2-v4). Editing observed in the v3 and v4 barcodes is shown
above (panels (A) and (B), respectively; 100 alleles in each). Layout is as described in the Figure
5.1B legend. The weaker off-targets within these alternative barcode designs exhibit lower rates
of editing than the v1 barcode, but also a much lower proportion of inter-target deletions. (C) As
only a subset of targets were substantially edited in designs v1-v4, the most highly active targets
were combined to a new, twelve target design (v5), consisting, in order, of v1 targets 1-6; v3 target
1; v2 targets 1, 2 and 5; and v4 targets 1 and 3. Editing observed in the v5 barcode is shown in
panel (C), with layout as described in the Figure 5.1B legend. (D) To evaluate whether the means
by which editing reagents are introduced impacts the rate and pattern of edits to the barcode, a
lentiviral vector expressing Cas9 and the same sgRNA was introduced to cells prior to integration
of the v5 barcode. After two weeks of culturing a population bottlenecked to 200 cells by FACS,
diverse barcodes were observed but with substantially fewer inter-site deletions than with episomal
delivery of editing reagents, i.e. (C): episomal expression of Cas9 and sgRNA vs. (D): lentiviral
expression of Cas9 and sgRNA, both editing the v5 barcode.
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Figure 5.5. Reconstruction of a synthetic lineage based on genome editing and targeted
sequencing of edited barcodes.

(A) A monoclonal population of cells was subjected to editing of the v1 array. Single cells were
expanded, sampled (#1 to #12), re-transfected to induce a second round of barcode editing, and
then expanded and sampled from 100-cell subpopulations (#1a, 1b to #12a, 12b). For clarity, the
five clones where the original population was unedited are not shown. (B) Alleles observed in the
synthetic lineage experiment are shown, with layout as described in the Figure 5.1B legend. Cell
population #1 represents sampling of cells that had been subjected to only the first round of editing;
virtually all cells contain a shared edit to the first target. Populations #1a and #1b are derived from
#1 but subjected to a second round of editing prior to sampling. These retain the edit to the first
target, but subpopulations bear additional edits to other targets. (C) Maximum parsimony
reconstruction using PHYLIP Mix (Figure 5.6B) from alleles seen two or more times in the seven
cell lineages represented in panel (A). Lineage membership and abundance of each allele are
shown on the right. Progenitor cell lineage #4 (orange) appears to be derived from two cells, one
edited and the other wild-type: only 62% of lineage #4 falls into a single clade, consistent with the
proportion (64%) of the lineage edited after the first round. We assume that cells unedited in the
first round either accrued edits matching other lineages (thus causing mixing), or accrued different
edits (thus remaining outside the major clades).
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Figure 5.6. Counting edited barcode alleles with unique molecular identifiers (UMIs) and
building lineage trees by maximum parsimony.

(A) Single genomic copies of barcodes, each derived from a single cell, were tagged by performing
either one or two polymerase extension cycles using a single primer with ten degenerate bases, i.e.
a unique molecular identifier, or UMI. Amplicon sequencing reads were initially cleaned to
remove low quality bases using the Trimmomatic software package. Sequencing reads were then
aggregated using this UMI tag, and a consensus read was created by aligning matched UMI reads
using the MAFFT aligner. These consensus reads were then merged using the FLASH
bioinformatics tool. Both the consensus merged reads as well as any unmerged read pairs were
aligned to the reference sequence, and insertions and deletions over target sites were called for
each UMlI-specific barcode. These barcode calls were used for downstream analysis. (B)
Maximum parsimony was performed as described in the Methods. Briefly, individual alleles were
converted to an indicator matrix, and maximum parsimony reconstruction was performed with the
PHYLIP Mix program. The output was parsed to recover inferred ancestral alleles. To reduce the
number of bifurcations in the tree, internal nodes with identical alleles were merged. Parent/ child
pairs internal to the tree that shared an inferred allele were first identified. When such a pair was
found, the grandchildren nodes were moved to the parent node, and the child node was removed.
This was repeated until no such pairs could be found. The resulting multifurcating tree was then
visualized with custom scripts.
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Figure 5.7. Low frequency elimination of lineage-specific edits by re-editing of the v5 barcode
in cell culture.

Wy

A population of HEK293T cells bearing the unedited v5 barcode was subjected to initial editing
by transfection with pX330-v1. Monoclonal populations containing edited v5 barcodes were then
cultured and re-transfected twice to induce additional editing. The outcomes of re-editing are
shown for each population with barcode editing plots (as in Figure 5.1B) showing the top 50
alleles. In each, the top allele corresponds to the parental allele verified by sequencing each
monoclonal line. We observed a variety of mechanisms in which an established edit was lost,
examples of which are highlighted with gray arrows. (A) Loss of an existing deletion at site 3
occurred in 4.2% of cells (16.7% of cells with barcodes that were re-edited). Loss of this edit
appears to have arisen from simultaneous Cas9 cleavage at site 2 and any of sites 4 through 10,
thus forming a larger deletion spanning the original site 3 deletion. (B) An initial site 7 deletion
was removed by re-editing in 3.0% of cells (12.7% of re-edited barcodes), likely due to the same
mechanism describe in A. (C) A single deletion event spanning sites 1 and 2 was disrupted in 3.3%
of cells (7.6% of re-edited barcodes). These alleles likely formed by deletions at sites 3 that
extended as far as or beyond the ancestral deletion in sites 1 and 2. (D) Re-editing of a target site
bearing a single 1 bp deletion occurred in 0.9% of cells (1.9% of re-edited barcodes), presumably
consequential to residual Cas9 activity at the edited site. These experiments highlight examples of
information loss in the v5 barcode, but understanding how often this occurs in different barcode
designs and editing systems remains to be determined.
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Figure 5.8. Generation of single copy transgenic v6 or v7 zebrafish.

(A) Diagram of the barcode transgene with Tol2 integration arms, a Ubiquitin promoter upstream
of DsRed with either the v6 or v7 barcode embedded in the 3’ UTR, and a cmlc2:GFP transgenesis
marker. (B) Quantification of transgene copy number by qPCR using DR amplicon and control
amplicon as indicated in (A). Copy number was determined using the ddCt method and reference
non-transgenic, 1-copy and 2-copy transgenic animals. Putative single copy individuals are
indicated by asterisks (*).
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Figure 5.9. Generating combinatorial barcode diversity in transgenic zebrafish.

(A) One-cell zebrafish embryos were injected with complexed Cas9 ribonucleoproteins (RNPs)
containing sgRNAs that matched each of the 10 targets in the array (v6 or v7). Embryos were
collected at time points indicated. UMI-tagged barcodes were amplified and sequenced from
genomic DNA. (B) Patterns of editing in alleles recovered from a 30 hpf v6 embryo, with layout
as described in the Figure 5.1B legend. (C) Bar plots show the number of cells sampled (top),
unique alleles observed (middle) and proportion of sites edited (bottom) for 45 v7 embryos
collected at four developmental time-points and two levels of Cas9 RNP (1/3x, 1x). Colors
correspond to stages shown in panel (A). Although more alleles are observed with sampling of
larger numbers of cells at later time points, the proportion of target sites edited remains relatively
constant. (D) Bar plots show the proportion of edited barcodes containing the most common
editing event in a given embryo. Six of 45 embryos had the most common edit in approximately
50% of cells (dashed line), consistent with this edit having occurred at the two-cell stage. Colors
correspond to stages shown in panel (A). These same edits are rarer or absent in other embryos
(black bars below). (E) For each of the 45 v7 embryos, all barcodes observed were sampled without
replacement. The cumulative number of unique alleles observed as a function of the number of
cells sampled is shown (average of the 500 iterations shown per embryo; two levels of Cas9 RNP:
1/3x on left, 1x on right). The number of unique alleles observed, even in later developmental
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stages where we are sampling much larger numbers of cells, appears to saturate, and there is no
consistent pattern supporting substantially greater diversity in later time-points, consistent with the
bottom row of panel (C) in supporting the conclusion that the majority of editing occurs before
dome stage.
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Figure 5.10. Barcode editing in transgenic zebrafish embryos is robust and does not affect
development.

(A) Representative v6 transgenic embryos uninjected or injected with Cas9 protein pre-complexed
with a mix of 10 sgRNAs are shown, with phenotypic penetrance indicated. (B) Gel
electrophoresis of v6 array PCR products from uninjected and injected embryos show extensive
barcode editing as a smear of smaller molecules running predominantly below the expected size
of the unedited barcode (arrowhead, 311 bp).
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Figure 5.11. Lineage reconstruction of an edited zebrafish embryo.

(A) A lineage reconstruction of 1,323 alleles recovered from the v6 embryo also represented in
Figure 5.9B, generated by a maximum parsimony approach implemented in the PHYLIP Mix
package (see Methods). A dendrogram to the left of each column represents the lineage
relationships, and the alleles are represented on the right. Each row represents a unique allele.
Matched colored arrows and dashed lines connect subsections of the tree together. There are many
large clades of alleles sharing specific edits, as well as sub-clades defined by ‘dependent’ edits.
These dependent edits occur within a clade defined by a more frequent edit but are rare or absent
elsewhere in the tree. (B) A portion of the tree is shown at higher resolution. Two edits are shared
by all alleles in this clade. Six independent edits define descendent sub-clades within this clade,
and further edits define additional sub-sub-clades within the clade.
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Figure 5.12. Characteristics of Cas9-mediated barcode editing in zebrafish embryos.

After isolation of genomic DNA from each of two 72 hpf embryos injected with either (A) 1/3x
volume or (B) 1x volume, the material was split and two separate amplification reactions
performed, replicates 1 and 2. Unique Molecular Identifiers (UMIs) were used to tag genomic
copies of embryo barcodes, such that each UMI’s consensus sequencing call corresponds to a
single cell’s edited barcode. For each embryo, allele frequencies from UMI-tagging technical
replicates are plotted against each other (i.e. technical replicates of one embryo in panel (A), and
technical replicates of another embryo in panel (B)). Each point corresponds to a single barcode
present in the union of the replicates. Pearson correlations: (A) = 0.96, (B) =0.998. Spearman
correlations: (A)=0.42, (B)=0.64. (C) To compare barcodes that were shared between embryos
to those that were unique to a single embryo, we plotted each allele’s indel count against its
proportion on a per embryo basis (n = 45). Alleles that were shared had significantly fewer indels
than those that were seen in only one embryo (2.01 mean indels per shared allele vs. 3.52 mean
indels per embryo-specific allele (Wilcoxon Rank Sum (WRS); P << 0.00001)). The mean
frequency within an embryo of a shared allele was modestly higher than a unique allele: 0.12%
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vs. 0.052%, respectively (WRS; P = 3.8x10™). (D) Boxplots show the distribution of barcode
indel events per embryo. (Bold line; median, box; 25th to 75th percentile; whiskers extend to the
furthest point within 1.5x the interquartile range (IQR) of the box; outliers not shown).
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Figure 5.13. Abundances of the most common editing events in each embryo often reflect the
onset of editing.

(A) A barcode editing plot showing the top 50 alleles from one dome stage embryo (1x #1)
exemplifies a high frequency editing event — in this case a 20 bp insertion at the first target site
(blue bar indicated by arrow). The event is seen in 59.0% of barcodes and was absent from all
other embryos, suggesting it derived from editing at the two-cell stage. (B) The frequencies of the
top ten indels from each of ten dome stage embryos are shown in (orange), plotted next to the
average frequency of that indel in all other embryos (gray). Cases in which the edit is common in
one embryo and rare in others strongly suggest the edit’s abundance resulted from occurring early
in development, and not from stereotypical double-strand break repair outcomes during to barcode
editing. The arrow indicates the event corresponding to the common insertion shown in (A).
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Figure 5.14. Organ-specific progenitor cell dominance.

(A) The indicated organs were dissected from a single adult v7 transgenic edited zebrafish
(ADRI). A blood sample was collected as described in the Methods. The heart was further split
into the four samples shown (Figure 5.15). (B) Patterns of editing in the most prevalent 25 alleles
(out of 135 total) recovered from the blood sample. Layout as described in the Figure 5.1B legend.
The most prevalent 5 alleles (indicated by asterisks) comprise >98% of observed cells. (C) Patterns
of editing in the most prevalent 25 alleles (out of 399 total) recovered from brain. Layout as
described in the Figure 5.1B legend. Alleles that have identical editing patterns compared to the
most prevalent blood alleles are indicated by asterisks and light shading. (D) The five dominant
blood alleles (shades of red) are present in varying proportions (10-40%) in all intact organs except
the FACS-sorted cardiomyocyte population (0.5%). All other alleles are summed in grey. (E) The
cumulative proportion of cells (y-axis) represented by the most frequent alleles (x-axis) for each
adult organ of ADRI1 is shown, as well as the adult organs in aggregate. In all adult organs except
blood, the five dominant blood alleles are excluded. All organs exhibit dominance of sampled cells
by a small number of progenitors, with fewer than 7 alleles comprising the majority of cells. For
comparison, a similar plot for the median embryo (dashed) from each time-point of the
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developmental time course experiment is also shown. (F) The distribution of the most prevalent
alleles for each organ, after removal of the five dominant blood alleles, across all organs. The most
prevalent alleles were defined as being at >5% abundance in a given organ (median 5 alleles, range
4-7). Organ proportions were normalized by column and colored as shown in legend.
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Figure 5.15. FACS sorting of cardiomyocytes and non-cardiomyocyte heart cells.

(A) Schematic. Adult transgenic hearts (example in B) were dissected, dissociated, and sorted via
FACS. Gates were applied to remove cellular debris (exclude high SSC-H, low FSC-H, keep
15.6% of events as cells) and cell doublets (exclude high SSC-W, keep 97.2% of events as single
cells) before gating on the ratio of GFP:RFP fluorescence (C) to sort GFP+ cardiomyocytes from
GFP- non-cardiomyocyte heart cells (21.1% GFP+, 78.9% GFP"). Percentages provided are for
ADRI.
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Figure 5.16. Reproducibility of barcode sampling from adult zebrafish organs.

After isolation of genomic DNA, two separate amplification reactions (Replicate 1 and Replicate
2) were performed for each of seven organs from ADRI1 and ADR2. UMIs were used to tag
genomic copies of the barcodes. Replicate samples were sequenced in separate runs, and UMI
consensus read thresholds were set proportional to sequencing depth. For each organ in each fish,
allele frequencies for each replicate are plotted against each other. Each point corresponds to a
single barcode present in the union of the two replicate samplings, colored by organ. Pearson
correlations calculated from log10-transformed values are: ADR1 =0.90, ADR2 = 0.85. For this

analysis, the top five (ADR1) or two (ADR2) blood alleles were computationally removed from
non-blood samples.
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Figure 5.17. Barcode editing characteristics in organs from adult zebrafish ADRI1.

For these analyses, the top five blood alleles were computationally removed from non-blood
samples. (A) Sharing of alleles across organs as a function of frequency within organs and the
number of indels. Compared to barcodes shared between unrelated embryos by chance recurrence
(Figure 5.12C), alleles contributing to multiple organs (red) harbor more indels and are seen at
higher proportions compared to alleles restricted to a single organ (blue), suggesting sharing is
largely explained by way of developmental lineages as opposed to by chance. (B) Frequencies of
the top ten indel events per organ (colored bars on right) plotted against the average frequency of
that edit in all other organs (gray bars on left). The most common edits within organs are also seen
frequently in other organs. (C) Boxplots show the distribution of barcode indel events within each
organ from ADRI1. (Bold line; median, box; 25th to 75th percentile; whiskers extend to the furthest
point within 1.5x the IQR from the box, gray dot; mean value, outliers not shown)
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Figure 5.18. Organ-specific progenitor cell dominance in ADR2.
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(A) The indicated organs were dissected from a single adult v7 transgenic edited zebrafish
(ADRI). A blood sample was collected as described in Methods. The heart was further split into
the four samples shown (Figure 5.17). (B) Patterns of editing in the 11 alleles recovered from the
blood sample. Layout as described in the Figure 5.1B legend. The most prevalent 2 alleles
(indicated by asterisks) comprise >98% of observed cells. (C) Patterns of editing in the most
prevalent 25 alleles (out of 699 total) recovered from brain. Layout as described in the Figure
5.1B legend. Alleles that are identical in sequence to the most prevalent blood alleles are indicated
by asterisks and light shading. (D) The five dominant blood alleles (shades of red) are present in
varying proportions (7-90%) in all intact organs except the FACS-sorted cardiomyocyte
population (2%). All other alleles are summed in grey. (E) The cumulative proportion of cells (y-
axis) represented by the most frequent alleles (x-axis) for each adult organ of ADR1 is shown, as
well as the adult organs in aggregate. In all adult organs except blood, the five dominant blood
alleles are excluded. All organs exhibit dominance of sampled cells by a small number of
progenitors, with fewer than 5 alleles comprising the majority of cells. For comparison, a similar
plot for the median embryo (dashed) from each time-point of the developmental time course
experiment is also shown. (F) The distribution of the most prevalent alleles for each organ, after
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removal of the five dominant blood alleles, across all organs. The most prevalent alleles were
defined as being at >5% abundance in a given organ (median 4 alleles, range 4-6). Organ
proportions were normalized by column and colored as shown in legend.
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Figure 5.19. Lineage reconstruction for adult zebrafish ADRI.

Unique alleles sequenced from adult zebrafish organs can be related to one another using a
maximum parsimony approach implemented in the PHYLIP Mix package (see Figure 5.6B). For
reasons of space, we show a tree reconstructed from the 601 ADRI1 alleles observed at least five
times in individual organs. Eight major clades are displayed with colored nodes, each defined by
‘ancestral’ edits that are shared by all alleles assigned to that clade. Editing patterns in individual
alleles are represented as shown previously. Alleles observed in multiple organs are plotted on
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separate lines per organ and are connected with stippled branches. Two sets of bars outside the
alleles identify the organ in which the allele was observed and the proportion of cells in that organ
represented by that allele (log scale).
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Figure 5.20. Lineage reconstruction for adult zebrafish ADR2.

Unique alleles sequenced from adult zebrafish organs can be related to one another using a
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maximum parsimony approach into a multifurcating lineage tree. For reasons of space, we show a
tree reconstructed from the 302 ADR?2 alleles observed at least 5 times in individual organs. Ten
major clades are displayed with colored nodes, each defined by ‘ancestral’ edits that are shared by
all alleles assigned to that clade. Editing patterns in individual alleles are represented as shown
previously. Alleles in multiple organs are plotted on separate lines per organ and these nodes
connected with stippled branches. Two sets of bars outside the alleles identify the organ in which
the allele was observed and the proportion of cells in that organ represented by that allele (log
scale).
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Figure 5.21. Clades and subclades corresponding to inferred progenitors exhibit increasing
levels of organ restriction.

(A) Top panel: The parsimony inferred ancestral edits that define eight major clades of ADRI1 are
shown, with the total number of cells in which these are observed indicated on the right. Bottom
panel: Contributions of the eight major clades to all cells or all alleles. 19 alleles (out of 1,138
total) that contained ancestral edits from more than one clade were excluded from assignment to
any clade, and any further lineage analysis. (B) Contributions of each of the eight major clades to
each organ, displayed as a proportion of each organ. To accurately display the contributions of the
eight major clades to each organ, we first re-assigned the five dominant blood alleles from other
organs back to the blood. The total number of cells and alleles within a given major clade are listed
below. For heart subsamples, ‘piece of heart’ = a piece of heart tissue, ‘DHCs’ = dissociated
unsorted cells; ‘cardiomyocytes’ = FACS-sorted GFP+ cardiomyocytes; and ‘NCs’ = non-
cardiomyocyte heart cells. (C,E) Edits that define subclades of clade #1 (C) and clade #2 (E), with
the total number of cells in which these are observed indicated on the right. A grey box indicates
an unedited site or sites, distinguishing it from related alleles that contain an edit at this location.
(D,F) Lineage trees corresponding to subclades of clade #1 (D) and clade #2 (F) that show how
dependent edits are associated with increasing lineage restriction. The pie chart at each node
indicates the organ distribution within a clade or subclade. Ratios of cell proportions are plotted, a
normalization that accounts for differential depth of sampling between organs. Labels in the center
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of each pie chart correspond to the subclade labels in (C) and (E). Alleles present in a clade but
not assigned to a descendent subclade (either they have no additional lineage restriction or are at
low abundance) are not plotted for clarity. The number of cells (and the number of unique alleles)
are also listed, and terminal nodes also list major organ restriction(s), i.e. those comprising >25%
of a subclade by proportion.
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Figure 5.22. Contributions of the eight major clades within ADR1 to each organ, prior to the
reassignment of the most prevalent blood alleles.

The total number of cells and unique alleles within a given major clade are listed below. Figure
5.21B shows similar information, but after the reassignment of the dominant blood alleles from all
organs to blood. For heart subsamples, ‘piece of heart’” = a piece of heart tissue, ‘DHCs’ =
dissociated unsorted cells; ‘cardiomyocytes’ = FACS-sorted GFP+ cardiomyocytes; and ‘NCHCs’
= non-cardiomyocyte heart cells.
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Figure 5.23. Tracing lineage through editing patterns within additional ADR1 clades.

(A-E) Edits that define subclades of clades #3 (A), #4 (B), #5 (C), #6 (D), #7 (E) and #8 (F), with
the total number of cells in which these are observed indicated on the right. A grey box indicates
an unedited site or sites, distinguishing it from related alleles that contain an edit at this location.
(G-L) Lineage trees corresponding to subclades of #3 (G), #4 (H), #5 (), #6 (J), #7 (K) and #8
(L) that show how dependent edits are associated with increasing lineage restriction. The pie chart
at each node indicates the organ distribution within a clade or subclade. Ratios of cell proportions
are plotted, a normalization which accounts for differential depth of sampling between organs.
Labels in the center of each pie chart correspond to the subclade labels. Alleles present in a clade
but not assigned to a descendent subclade (either they have no additional lineage restriction or are
at low abundance) are not plotted for clarity. The number of cells (and the number of unique
alleles) are also listed, and terminal nodes also list major organ restriction(s), i.e. those comprising
>25% of a subclade by proportion.
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Figure 5.24. Clades and subclades corresponding to inferred progenitors exhibit increasing
levels of organ restriction in ADR2.

(A) Top panel: The inferred ancestral edits that define ten major clades of ADRI1, as determined
by parsimony, are shown, with the total number of cells in which these are observed indicated on
the right. Bottom panel: Contributions of the ten major clades to all cells or all alleles. 126 alleles
(out of 2,016 total) that contained ancestral edits from more than one clade were excluded from
assignment to any clade, and any further lineage analysis. (B) Contributions of each of the ten
major clades to each organ, displayed as a proportion of each organ, as described in Figure 5.21.
For heart subsamples, ‘piece of heart” = a piece of heart tissue, ‘DHCs’ = dissociated unsorted
cells; ‘cardiomyocytes’ = FACS-sorted GFP+ cardiomyocytes; and ‘NCHCs’ = non-
cardiomyocyte heart cells. (C,E) Edits that define subclades of clade #8 (C) and clade #9 (E), with
the total number of cells in which these are observed indicated on the right. (D,F) Lineage trees
corresponding to subclades of clade #8 (D) and clade #9 (F) that show how dependent edits are
associated with increasing lineage restriction. The pie chart at each node indicates the organ
distribution within a clade or subclade. Ratios of cell proportions are plotted, a normalization
which accounts for differential depth of sampling between organs. Labels in the center of each pie
chart correspond to the subclade labels in (C/E). Alleles present in a clade but not assigned to a
descendent subclade (either they have no additional lineage restriction or are at low abundance)
are not plotted for clarity. The number of cells (and the number of unique alleles) are also listed,
and terminal nodes also list major organ restriction(s), i.e. those comprising >25% of a subclade
by proportion.
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Chapter 6. CONCLUSIONS AND FUTURE DIRECTIONS

In this concluding section, I reflect on how CRISPR genome editing can be employed in the future
to greatly expand our knowledge of how genomes function, and importantly, how variants impact
our susceptibility to disease. Additionally, I highlight future technological capabilities that will be
important to develop to harness the full potential of genome editing. Over the next decade, I
anticipate the unprecedented capabilities that CRISPR-based tools provide will transform our

understanding of how sequence dictates function.

6.1 IMPLEMENTING CURRENT TECHNOLOGY TOWARDS COMPREHENSIVE

CHARACTERIZATION OF GENOMIC REGIONS

Extension of current CRISPR-based methods to address how variation impacts function in
regions already implicated in disease has potential for immediate clinical impact, for instance,
resolving variant effects in clinically actionable genes or predicting how somatic variants influence
drug susceptibility in cancer (Starita et al., 2017). Saturation genome editing provides a route
forward so long as the multiplex assay used accurately reflects in vivo variant effects. Developing
such assays remains a critical challenge, but a lesson from editing BRCA I was that loss-of-function
variants in HAP1 cells (a haploid human cell line) are almost always loss-of-function variants in
the relevant tissues in vivo (as judged by their pathogenicity assessments) even for missense and
splice SN'Vs. Therefore, we predict our assay may be directly applicable for other ‘essential genes’
whose functional loss predisposes individuals to cancer, including commonly sequenced genes
such as BRCA2, PALB2, RAD51C, and RAD51D (Walsh et al., 2010).

To understand where critical domains lie within less well-studied proteins, or where

mutations may confer drug resistance, Cas9-cytodine deaminase targeting methods (Han et al.,
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2017; Hess et al., 2016; Kim et al., 2017; Komor et al., 2016) will be powerful due to their higher
scalability. Comprehensive views of gene dependencies gained from CRISPR screening
approaches likely will reveal new targets for drug development. Additionally, CRISPR screening
data from diverse cell lines analyzed in light of expression and epigenetic data may improve our
ability to predict functional dependencies of tumors profiled by DNA and RNA sequencing (Shen
et al., 2017; Wang et al., 2017).

To better understand gene regulation, it will be important to first delineate the regions
critical to function in an unbiased manner and then to use more precise editing methods to dissect
how they work. Scanning the same regions with both single gRNAs and paired gRNAs may prove
beneficial for increasing the signal in these experiments (Gasperini et al., 2017). Additional
approaches for regulatory element discovery have been developed that involve recruiting either
repressive or activating domains to loci using inactive Cas9 (Fulco et al., 2016; Simeonov et al.,
2017; Xie et al., 2017). While these perturbations are not genetic in nature, they can still uncover
functional regulatory elements. However, follow-up mutagenesis of regions identified with these
tools is critically important to confirm observed effects are driven by the underlying DNA
sequences at these sites.

Once more regulatory elements are identified, increasing the density of cleavage sites in
implicated regions will help pinpoint specific factor binding sites (Canver et al., 2015; Vierstra et
al., 2015). Deeply sequencing edits at putative regulatory sites identified from screening is vitally
important because it both validates that editing at the specific site is driving the phenotype (and
opposed to off-target editing) and enables higher resolution demarcation of functional sequences
(Gasperini et al., 2017; Korkmaz et al., 2016). Re-screening smaller libraries of gRNAs showing

functional effects in larger screens may enable targeted sequencing of edited sites in multiplex (for
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instance, via targeted capture probes or multiplex PCR). Combinatorial screens in which multiple
gRNAs targeting specific factor binding sites are queried together will help elucidate redundancy
built into regulatory networks.

Methods that use genome editing to introduce programmed allelic series (Findlay et al.,
2014; Ryan et al., 2014) will be powerful when applied to non-coding elements of defined function.
For instance, we are now performing saturation genome editing in promoters of genes implicated
in disease to ask whether the underlying regulatory logic is susceptible to disease-causing
variation. Similar dissection of enhancers will reveal the spectrum of mutational effects in these
regions. In addition to SNVs, short deletions and insertions can also be synthesized and assayed,
as well as synthetic elements with altered arrangements of factor motifs. Well-designed libraries
of perturbations will, therefore, not only reveal mutational effects as they pertain to human

variation, but may shed light on the underlying rules by which elements function.

6.2 FUTURE IMPROVEMENTS TO MULTIPLEX EDITING TECHNOLOGY

Several potential improvements to CRISPR editing technologies would aid efforts to
interrogate genome function. One top priority is to increase the percentage of cells in each
experiment that receive a desired edit. In an ideal scenario, entry of a single vector into a cell would
virtually guarantee a specific edit, such that barcodes on vectors could be used akin to gRNA
sequencing in CRISPR screens to inform what edit occurred. Along these lines, Cas9-derived ‘base
editors’ are an intriguing avenue for further development, as it has been shown their specificity
and base conversion preferences can be highly engineered (Gaudelli et al., 2017; Kim et al., 2017;
Komor et al., 2016). They have the advantage of not inducing double-strand breaks, therefore
preventing indels from accruing and thus allowing desired single base changes to accumulate over

time. If their efficiency and specificity reach the point where expression of editing components
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ensures a specific change is made, then multiplex screening approaches in which base editors are
used to engineer hundreds of thousands of mutations across the genome could be implemented and
read out simply by sequencing gRNAs (akin to current CRISPR screening strategies).

Methods are also needed that can increase the efficiency of engineering larger edits, such
as large deletions, insertions of exogenous sequences, programmed translocations, and inversions.
If efficiencies of these types of edits approached 100%, assaying them in multiplex would be
readily doable. Dual-selection markers that can be excised after use may be one potential avenue
forward (Yusa, 2013). Development of multi-step editing protocols in which cells are pre-
engineered to allow more robust editing will likely help, too. Lastly, more knowledge of how the
sequence at cleavage sites can influence repair outcome may help to improve efficiencies (van
Overbeek et al., 2016).

CRISPR reagents’ capability to create diverse mutations calls for better tools for
genotyping each cell in edited populations, and linking these genotypes to phenotypic effects.
Current methods such as deep sequencing of a targeted locus do not work for ascertaining variation
if edits are either large (>1 Kb) or scattered at many sites across the genome. As sequencing
technologies improve and allow for longer reads (Feng et al., 2015), more complex editing
outcomes over larger swaths of genomic space may be more readily quantified from a mixture of
cells. Monoclonal cell line isolation is laborious and can be subject to stochasticity associated with
clonal generation, but technical advances that would allow genotyping and assaying hundreds of
thousands of clonal populations in a high-throughput manner would make such concerns trivial.
Ultimately, coupling highly scalable single-cell omics readouts (Cao et al., 2017; Cusanovich et
al., 2015) with methods to precisely ascertain all editing events in a given cell would be a powerful

approach for high-throughput and comprehensive analysis of mutational effect.
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Perhaps the biggest challenge in implementing these approaches is finding the most
relevant biological context. The more portable these methods are across cell lines and model
organisms, the better positioned individual labs will be to ask how sequence confers function in
areas of biology where they have expertise. Continued engineering of more cell lines and
organisms for the purposes of CRISPR-based editing will lead to further gains. While cell lines
are naturally amenable to multiplex assays, being able to introduce diverse edits into model
organisms has the potential to better capture relevant biology. While in vivo CRISPR knockout
screening approaches have been used (Chen et al., 2015), efforts to introduce programmed allelic
series in vivo have been limited (Winters et al., 2017). Therefore, designing delivery systems
capable of introducing specific edits to specific tissues and cell types would be highly valuable for
performing multiplex experiments in vivo. Harnessing temporal control over multiple editing
events by using orthologous CRISPR systems (Najm et al., 2018) could reveal effects of mutations
acquired sequentially. In short, with continued technological development, labs studying diverse
aspects of biology will be equipped to find creative and informative ways to use CRISPR editing

in their specific systems.

6.3 FINAL REMARKS

In summary, multiplex CRISPR methods for genome editing are already transforming how
we study genome function. Moreover, the rapid expansion of the CRISPR suite of tools suggests
more powerful methods are still on the way. Geneticists should leverage these tools to produce
large functional data sets. Doing so will immediately advance our mechanistic understanding of
regions of the genome where the clinical demand for interpreting variation is highest. More
fundamentally, however, such data sets can also further our understanding of how complex

processes are coded in our DNA. In enabling the pursuit of these goals, CRISPR technologies are
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ushering in a new era in genetics — one in which genome editing extends our knowledge far

beyond what can be learned through natural variation alone.
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