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SUMMARY

Continual advancements in genomics have led to an ever-widening disparity between the rate
of discovery of genetic variants and our current understanding of their functions and potential
roles in disease. Systematic methods for phenotyping DNA variants are required to effectively
translate genomics data into improved outcomes for patients with genetic diseases. To make
the biggest impact, these approaches must be scalable and accurate, faithfully reflect disease
biology, and define complex disease mechanisms. We compare current methods to analyze
the function of variants in their endogenous DNA context using genome editing strategies,
such as saturation genome editing, base editing and prime editing. We discuss how these
technologies can be linked to high-content readouts to gain deep mechanistic insights into
variant effects. Finally, we highlight key challenges that need to be addressed to bridge the
genotype to phenotype gap, and ultimately improve the diagnosis and treatment of genetic

diseases.



INTRODUCTION

The research community is sequencing human genomes at an accelerating rate, and these
genomic data have exciting potential to identify links between genetic variation and human
diseases. These efforts have focused on investigating genetic variation across hundreds of
thousands of healthy individuals and smaller cohorts of patients with genetic diseases.
Recently, the UK BioBank (UKBB) released almost 500,000 whole-genome
sequences’. Additionally, the Genome Aggregation Database (gnomAD?3) now comprises
76,156 human genomes, identifying over 16 million missense variants from genome and
exome databases combined. For genetic diseases such as cancer, international consortia
have collectively sequenced 2,658 genomes from cancer samples®. Collectively, these
resources have been transformative in discovering rare variants, informing genome-wide
association studies (GWASSs), and understanding the mechanistic basis of genetic diseases.
However, the burden of missense variants in disease-relevant genes considered as variants
of unknown significance (VUS) currently stands at 50-98%°. Furthermore, there are
currently more than 560,000 variant-to-phenotype associations from GWASs®, which are
mostly from non-coding disease-related single-nucleotide variants (SNVs), expression
quantitative trait loci (eQTLs), and require functional validation to prove causality. This
highlights the mounting challenge of understanding DNA variant function at scale, making
causative links from correlative genomic studies. An improved understanding of variant effects
could lead to better genetic diagnosis and a deeper understanding of disease biology, thus
informing the development of better drugs and patient stratification for therapy. A retrospective
analysis of AstraZeneca’s drug discovery pipeline showed that, when human genetic data
were available to link drug targets to disease, drug development campaigns were less likely
to fail; 73% of active phase Il trials had strong genetic evidence, compared to 43% of failed

projects®.

Assessing DNA variant effects in their endogenous DNA context is important for several
reasons. For protein-coding variants, overexpression from cDNA libraries could have profound
and potentially confounding effects on the assayed variant function, especially if this disrupts
native protein-protein interactions or the stoichiometry of protein complexes'®-"3. Furthermore,
the effect of splice variants can be missed, and more complex variants in gene-regulatory
elements are difficult to analyze without prior in-depth knowledge of the functional architecture
of the surrounding chromatin. Lastly, for investigating variants in the 98% of the human

genome that is non-coding, endogenous genomic context is critical to faithfully measure



potential changes in gene expression and function without compromising the chromatin

landscape and poorly understood long-range genetic interactions.

The functional analysis of SNVs was once carried out on a one-by-one basis and could take
years of a research scientist’s time. Presently, experiments analyzing variant function can be
performed rapidly, in a pooled manner, and at a much larger scale, partly owing to significant
technological advancements and cost reductions in next-generation sequencing (NGS) and
DNA synthesis for the generation of variant libraries. Importantly, these multiplexed assays of
variant effects (MAVEs)''® allow for internal benchmarking to known benign and pathogenic

controls and for direct comparisons between query variant effects®'”.

Here, we treat endogenous MAVEs as experiments with four key aspects: (1) the gene editing
methodology, (2) the application, (3) the phenotypic readout, and (4) the potential translatable
outcomes (Figure 1A). We consider the relative merits of state-of-the-art gene editing
technologies to study variant function at scale. Furthermore, we discuss how the selected
gene editing method can influence subsequent steps in the MAVE, including selecting an
appropriate readout and application relevant to the genetic disease in question, to maximize

the translation of the resulting data into improved outcomes for patients.
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Figure 1: CRISPR-based gene editing methods to analyze endogenous variant function.

A) Schematic of a multiplexed assay of variant effect (MAVE) to analyze endogenous variants. These
experiments have four main considerations: first, the method of installing the variant using gene editing
technologies, which has a bearing on the cell model selected; second, the application, which includes
the means of selecting cells based on the phenotype of interest and should be disease relevant; third,
the readout for the variant function, which can be proliferation based or include higher-content readouts,
such as scRNA-seq; fourth, the outcomes of the variant-function map, which include the potential value
of variant interpretation for patients with genetic diseases, including disease association, predicting drug
resistance, and patient stratification for appropriate therapies. B) Outline of the gene editing methods
that can be used to install endogenous variants into the genome. The relative advantages and
disadvantages of SGE, base editing, and prime editing are highlighted in blue and red, respectively.



SATURATION GENOME EDITING

Saturation genome editing (SGE)"®is a technology that uses CRISPR-Cas9 to enable
functional analysis of genetic variants at single-nucleotide resolution while maintaining
genomic context. For a typical SGE experiment, a guide RNA-Cas9 complex targeted to the
genomic region to be edited induces a DNA double-strand break (DSB). The presence of a
co-transfected library of variant-harbouring repair templates leads to the incorporation of
nucleotide changes at the locus through homology-directed repair (HDR). For loci where
knockout leads to cell death or a change in fitness, cells with incorporated variants that have
an adverse effect on gene function will be less represented within the cultured cell population
over time, while variants with a neutral or positive effect are maintained or increased,
respectively. Variant count is determined through amplicon sequencing at different timepoints
throughout cell culture, and subsequent informatic analyses convert changes in variant

abundance to functional scores, allowing for the study of variant functional effects.

SGE can help guide clinical decision-making and gain fundamental biological insights, in
particular, sequence-structure relationships. It also allows scoring of effects that are not only
manifested at the protein level. This includes alleles that compromise non-coding and splicing
regions, allowing for deleterious effects on endogenous processes such as codon usage,
transcription, translation, and post-translational modification, to be included in phenotypic
outputs (Figure 1B). In addition, stop-gained and frameshift variants in terminal exons and
upstream of non-canonical translational start sites, which might be anticipated to be
deleterious, can be assayed for escape of nonsense-mediated mRNA decay (NMD) and

alternative start codon usage, respectively.

SGE was first applied in the human near-haploid cell line (HAP1), derived from the KBM-7
chronic myelogenous leukemia cell line'®2°, The HAP1 cell line has been further modified to
increase HDR rates by ~4-fold by limiting the efficiency of the non-homologous DNA end
joining (NHEJ) repair pathway'®. Haploidy at a locus means that successful editing need only
occur at one copy for recessive phenotypes to be manifested, limiting possible confounding
effects of the unedited/wild-type allele. For loss-of-function (LoF) mechanisms, this is a
sensible approach, especially for tumor suppressor genes such as BRCA1'°. However, it has
also been observed that HAP1 cells increase in ploidy with culturing, which likely contributes
to noise at later timepoints, even for cells sorted for haploidy pre-screening?'. Cell culture
optimizations have been shown to lead to a reduction in the diploidization of HAP1 cell
cultures?23; however, it remains to be seen how much noise unedited alleles introduce in such

assays. For genes that are not essential in HAP1 cells, or where cell-type-specific or dominant



effects are important, editing of diploid genomes has been applied successfully. This is the
case for regions of CARD11, assessed in B cells through bi-allelic editing®*, where cells were
cultured with and without ibrutinib to distinguish gain-of-function (GoF) and LoF variants.
Moreover, diploid genomes have also been successfully edited in regions of NPC1
and BRCA2, assayed in HEK293T cells through haploidization at the loci®. In principle,
haploidization is appropriate for SGE where cells other than HAP1 are required and efficient

biallelic editing is necessary.

When editing in multiplex with SGE, to prevent re-cleavage of incorporated DNA tracts and to
increase relative editing efficiency, the inclusion of fixed synonymous/silent variants, termed
protospacer adjacent motif (PAM)/protospacer protection edits (PPEs), which are refractory to
the Cas9-guide RNA cleavage, are a requirement in all templates. While most fixed
synonymous changes would be predicted to have a neutral effect, it is possible that the
inclusion of PPEs have confounding effects on distal variant interpretation in some cases.
Such effects can be avoided by targeting each locus with two guide RNA-HDR repair library
pairs in separate experiments to produce “scarless” SGE maps or mitigated by choosing PPE
variants not predicted to alter splicing in the context of distal variants. Furthermore, transient
transfection of guide RNAs, rather than transduction, is commonly used in SGE
screens'®?'23 This approach renders CRISPR machinery ineffective in cultured daughter
cells after editing, further reducing repetitive cleavage and the inclusion of unintended
compound variants. Last, in downstream NGS analysis and variant calling following SGE, the
addition of PPEs in conjunction with the desired library variant can help identify true editing

over noise from PCR or sequencing errors in cases where variant allele frequencies are low.

A potential limitation to the more widespread adoption of SGE is the complex nature of the
library design. To help address this issue, software packages such as VaLiAnT?® have been
developed, which allow users to output HDR template sequences containing various
mutational consequences over specific genomic ranges. In addition, the analysis and quality
control of SGE data, which are generally well modelled as a negative binomial distribution,
have been streamlined through the adoption of DESeq2, allowing users to normalize variant
changes to appropriate controls, calculate replicate correlations and p values, and compute

logarithmic fold change (LFC) between variants across multiple timepoints?"2’.

ESSENTIALITY SCREENS WITH SGE
Mutations play an important role in carcinogenesis; however, not all mutations that cause
altered function in cancer genes are known, making SGE particularly relevant to oncology. In

the absence of functional/supporting data, many variants are classified as VUSs, representing



a major challenge to patient management'”?8. A survey of the Cancer Gene Census (CGC)
shows that 59% (440 of 743, December 2023) of genes?? are predicted to have a strong growth
phenotype in HAP1 cells (n = 85) or at least one cell line in DepMap (n = 355; Figure 2)%°. 46%
of HAP1 non-essential genes (303 of 658), including clinically relevant oncogenes, are not
essential in any DepMap model; for these genes, alternative phenotyping will be needed in
SGE experiments. Essentiality screens in HAP1 cells are likely to be more phenotypically
sensitive than those performed in diploid lines due to the absence of confounding unedited
alleles, allowing for LoF mechanisms with a clear correlation to cell death to be measured with
high confidence. However, essentiality phenotyping will not be appropriate in all contexts, and
there is a need for alternative phenotyping strategies for diverse disease-relevant targets to
be developed. Moreover, richer phenotyping approaches, beyond binary classifications, would
advance the field and may include coupling genotype to single-cell RNA sequencing (scRNA-
seq), as discussed in a later section of this review. However, it is notable that HAP1
essentiality, used in SGE screening of DDX3X?!, distinguishes known cancer and
developmental disorder variants as exhibiting compromised function. This indicates that, in
these cases at least, essentiality readouts can be informative for different disease phenotypes,

even those manifested in organs as complex as the developing fetal brain.
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Figure 2: Evaluation of cancer gene essentiality in HAP1 and alternative cell models.
85 CGC genes are essential in HAP1 cells. There is a horizontal dashed line at scaled Bayes factor =
0.485, above which genes have a 90% posterior probability of being essential and can be screened
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with current SGE essential/growth phenotyping®. 355 of 658 genes that are not essential in HAP1 cells
are essential in at least one DepMap?® cell model, suggesting that essential/growth phenotyping would
be possible. 303 of 658 genes would require alternative phenotyping methods downstream of SGE.
Data displayed were taken from Hart et al.3°

FUTURE DIRECTIONS FOR SGE OF MAVES

The expansion of MAVEs has led to the creation of the Impact of Genomic Variation on
Function (IGVF), and the Atlas of Variant Effects (AVE) alliance, international consortia that
bring together those active in the production of MAVE maps. These consortia help increase
collaboration by sharing expertise in the generation of MAVE data and their interpretation and
building computational models of variant effect. Associated central repositories of
mutagenesis data, such as MAVEdb' and ProteinGym?3', facilitate easy access to pre-existing
MAVE data. The MAVE registry®? also highlights ongoing MAVE projects to effectively
coordinate global research efforts. A key aim of AVE is to understand variation in all human
genes'®. This is a very large undertaking that will face complex challenges in terms of method
development, analysis, informatics, and data management. There is much that can be
achieved by working openly and collaboratively with a diverse group of organizations and
individuals. For example, different approaches to the delivery of SGE reagents into cells have
been used across studies. BRCA1'® and VHL?® studies have used the delivery of guide RNAs
and Cas9-containing plasmids. The SGE study of DDX3X?" integrated Cas9 into the genome
through viral transduction, followed by transient transfection of guide RNAs and HDR
templates into polyclonal Cas9-expressing HAP1 cells. The SGE study of CARD11%
electroporated TMD8 cells with guide RNAs and single-stranded oligodeoxynucleotide repair
templates. While experiment-specific requirements will inevitably be necessary, a systematic
refinement of SGE protocols will help to standardize a generalizable approach that, together
with reagent and analysis optimization, will aid in the adoption and coordination of SGE

studies.

SGE data provide a simple and quantitative metric for the discernment of variant effect, which
has been demonstrated to be highly sensitive and specific'®?"2. In addition, SGE data are
also informative in terms of evolutionary function, with regions of high intolerance shown to
correlate with high conservation?'. The production of multiple variant effect maps for
conserved domains in different genes may enable highly accurate predictive models that could
reduce the need for further experimentation on a subset of molecular targets. Machine learning
models such as EVE (evolutionary model of variant effect)’ and AlphaMissense*?, which are
primarily based on variant evolutionary conservation and protein structural context, could be

further refined using data from high-throughput SGE’-33.



The advent of AlphaMissense may raise questions about the relevance of performing SGE at
scale; however, empirically derived experimental data are still the gold standard for informing
clinical classification. In addition, for both missense and non-coding variants, measuring
variant effects in their native cell and genomic contexts provides an advantage over predictive
models in terms of physiological relevance, especially in targets with unpredictable sequence-
function relationships, such as intrinsically disordered proteins, or for proteins and domains
with limited homologs, reducing the power of the multiple sequence alignment component of
these models. Moreover, while AlphaMissense has been shown to be highly correlated to
MAVE datasets and to demonstrate high sensitivity, it also is less specific than MAVEs (as
are other in silico predictive tools)3*, suggesting that experimental functional assays are likely
to exhibit fewer false positives - a critical consideration for the clinical application of these data.
Importantly, studies have clearly demonstrated the clinical value of SGE data, enabling the
resolution of disease kindred pedigrees, aiding patient stratification and clinical

management®.

BASE EDITING

Base editing is a CRISPR-Cas9-based gene editing technology that can install programmed
SNVs into the genome with minimal introduction of DNA insertions and deletions®®. Cytosine
base editors (CBEs) can install C>T transition mutations, whereas adenine base editors
(ABEs)* can install A>G transition mutations into the genome through guide RNA-mediated
recruitment of a nickase Cas9 fused to a cytidine or adenine deaminase, respectively.
Therefore, base editing represents an efficient system that does not require exogenous DNA
templates or variant libraries, making it an attractive approach for the large-scale, pooled

functional screening of variants (Figure 1B).

Base editing has been used successfully to achieve systematic mutagenesis in high-
throughput screens to study variant effects in cancer®®%. One advantage of base editing is
that its high efficiency and independence from HDR means that it can be applied in
therapeutically relevant cell models, including primary cells, and can therefore be used to
investigate the effect of variants in the context of a disease-relevant environmental stimulus,
such as therapy. Base editing was recently used to study the effects of variants in the
interferon-y (IFN-y) pathway on anti-tumor immunity, using guide RNA libraries to tile
endogenous genes*. Base editing screens in cancer cell models, including primary tumor
organoids, enabled the analysis of how cancer variants affect the sensitivity to IFN-y and

autologous anti-tumor T cells*’. Homozygous LoF is required to acquire resistance to IFN-y



signaling*', and base editing is therefore a suitable gene editing strategy for installing these
variants to homozygosity in aneuploid cancer cell lines. Moreover, the high efficiency of base
editing means that sensitivity is sufficiently high to facilitate drop-out screening (negative
selection), allowing for the detection of both LoF and GoF missense mutations across the IFN-
y pathway*. Base editing tiling screens can also be coupled to phenotypes other than
proliferation by using fluorescence-activated cell sorting (FACS) to select cells based on the
expression of cell surface markers*® or fluorescent reporters. For example, the enzymatic
activity of variants in the DNA methyltransferase DNMT3A were systematically analyzed in a
base editing screen using a methylation-sensitive fluorescent reporter*?. Base editing has also
been used recently to study the effects of DNA variants in 385 genes on effector function in
human T cells*3, further highlighting the applicability of base editing for endogenous MAVEs

in primary cell types.

However, limitations of base editing screens include the lack of editing precision due to the
editing activity of the deaminases spanning ~5 nucleotides within the single-stranded DNA
exposed by guide RNA binding (the base editor activity window)%, meaning that multiple
bases can be edited. Furthermore, the saturation of base editing can be limiting due to the
requirement for a PAM in close proximity to the target base and the inability to generate
variants other than single-nucleotide transition mutations. These issues have been partially
addressed by the development of more precise base editors with engineered deaminase
enzymes and by wusing engineered Cas9 enzymes with more relaxed PAM
requirements**45, More recently, C>G base editors*®4” and A>C base editors*® have been
developed to install transversion mutations, expanding the scope of SNVs that can be

installed.

PRIME EDITING

Prime editing is a complementary gene editing tool that uses a reverse transcriptase fused to
a nickase Cas9, enabling the direct installation of any sequence less than approximately 50
nucleotides in length*°. Furthermore, the saturation of editing achievable is much greater than
that of base editing due to the ability to edit sequences farther away from the PAM by modifying
the reverse transcription template and primer binding site portions of the prime editing guide
RNA (pegRNA). However, scaling up prime editing screens to assess variant effects presents
a unique set of challenges (Figure 1B). First, the efficiency of prime editing is generally lower
than that of base editing within the activity window*°, therefore reducing the signal-to-noise

ratio in positive selection screening and reducing the sensitivity to detect deleterious mutations



in negative selection screens. Second, the three-component design of pegRNAs means that
predicting the efficiency of a given pegRNA is more complicated, making it challenging to
select small numbers of highly efficient pegRNAs without extensive empirical testing.
However, algorithms for automated pegRNA design are improving and have recently
benefitted from machine learning approaches based on large-scale datasets of prime editing
outcomes®®5'. Complementary approaches to increase prime editing efficiencies include
evolving the prime editor enzyme itself (e.g., PEmax)®, engineering the pegRNA to increase
its stability®®, and disabling mismatch repair machinery to increase the retention of SNV edits
in the cell®?%*, Selecting prime-edited cells with FACS by using fluorescent reporters of editing,
such as prime editor activity reporter (PEAR)%, is an effective orthogonal approach and has
also proven to be an effective strategy for selecting cells with high levels of base-editing

activity®e.

Despite these challenges, prime editing has been used successfully at scale to determine
variant effects. For example, saturation prime editing was used to classify 978 gene variants
in NPC1; variants in NPC1 can cause Niemann-Pick disease type C?°. To overcome the limits
of prime editing efficiency, targeted haploidization of NPC1 was performed using Cas9 to
eliminate all but one allele, therefore increasing the overall penetrance of prime edits at
the NPC1 locus. To achieve this, the authors exploited the existence of single-nucleotide
polymorphisms (SNPs) to achieve single-nucleotide-level precision with Cas9. CRISPR guide
RNA-assisted reduction of damage (CRISPR GUARD) technology was critical to protect one
copy of NPC1 from being targeted; an approach where a nuclease-dead, truncated guide RNA

protects the off-target site from Cas9 cleavage®’8.

More recently, several successful positive selection screens using prime editing in cancer cell
models have been reported. For GoF oncogenic and drug resistance mutations, homozygous
mutation is not required, making prime editing an attractive approach. For example, genetic
resistance to EGFR inhibitors in lung cancer cells was recently investigated by prime editing-
mediated installation of 1,220 different variants across seven genes®. Another study analyzed
the effect of variants in the commonly mutated tumor suppressor TP53 using a comprehensive
library of over 28,000 pegRNAs. Interestingly, comparing the effects of endogenous edits to
those reported from deep mutational scanning experiments using cDNAs highlighted some
key differences from the two methods. These were particularly notable in the oligomerization
domain of TP53, suggesting that overexpression of TP53 variants from cDNAs may not reflect
the physiological behavior of the native TP53 tetramer and reinforcing the importance of
introducing endogenous edits when analyzing variant effects in genes coding for protein

complexes.



GENOTYPING DNA VARIANTS FROM ENDOGENOUS
MAVES

We have discussed several advantages of editing the endogenous DNA in MAVEs, but
verifying that the correct edits have been installed is important for the interpretation of such
screens and can be technically challenging. For example, endogenous variant allele frequency
analysis is central to the interpretation of SGE experiments and is also needed to ensure that
the intended edits are installed in the context of base editing and prime editing screens.
However, for large-scale endogenous MAVEs, it becomes prohibitively expensive to achieve
sufficiently high sequencing coverage to measure all variants, especially when editing rates
are low (e.g., prime editing) or when there are high rates of unwanted editing by-products,
such as insertions or deletions (indels; e.g., SGE). Moreover, scaling amplicon sequencing to
multiple loci can be challenging and laborious, ultimately limiting the scale of multi-exon or
multi-gene MAVEs.

To address these issues, sensor systems have been used effectively as a surrogate measure
of editing in prime editing’ and base editing screens®-%2. The sensor systems rely on
incorporating the target sequence into the gene editing delivery vector. Self-targeting gene
editing outcomes can then be measured from a single PCR of the vector and read out with
NGS®¢ (Figure 3). The sensor systems are useful in detecting and filtering out pegRNAs
that do not edit and for monitoring base editing guide RNAs that have unintended bystander
edits. However, sensor systems may not be as appropriate for all positive selection screens,
where there is the possibility of a disconnect between sensor editing and endogenous editing.
For example, rare bystander base edits could have a strong phenotypic effect in the
endogenous context leading to enrichment in the screen, but this edit will have no phenotypic
effect in the sensor construct and so appear as a minor allele. This effect is less of a concern
in prime editing screens due to their high fidelity'®4%81, An alternative genotyping method is a
multiplexed PCR to assess endogenous edits in a pooled manner (e.g., using the Mission Bio
Tapestri platform)*®%5, This is an attractive approach, as it can also be applied to genotype

single cells and subsequently paired to transcriptomic phenotyping data*®:6°.
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Figure 3: Genotyping strategies for endogenous MAVEs.

Genotyping of edits in endogenous MAVEs can be performed using sensor libraries or sequencing of
the endogenous DNA locus. For sensor libraries, the target sequence is inserted into the guide RNA
expression construct, including short regions of flanking DNA context. The construct is incorporated
into the genome, and the editing outcomes for all targets are readout as a single, pooled PCR.
For endogenous sequencing, multiple primer pairs are required for each locus. Multiplexed PCRs are
possible but may require optimization. The advantages of both strategies are highlighted on the right.

PHENOTYPES BEYOND ESSENTIALITY

Screening the phenotypic effects of SNVs using readouts such as life-death-based selection
or flow cytometry is relatively simple and effective and can be achieved by either directly
sequencing the genomic edits introduced in the DNA, as in SGE experiments, or by
sequencing the guide RNA as a proxy for editing in base editing or prime editing screens. In
many cases, these simple readouts appear to correlate well with data from patients'®2':23 but
they are not always representative of the disease phenotype and may thus give false positives
or negatives. More complex readouts, such as single-cell transcriptomics, are an attractive
alternative and, in some cases, have been shown to delineate different functions of the protein,
such as the effect of TP53 on cell cycle or apoptosis®’. However, it is more challenging to
apply SNV screening to more complex readouts, such as transcription of the target gene,
single-cell transcriptomics, or imaging-based phenotypic assays. We discuss some of the

advances in this area below (Table 1).



Table 1. Summary of the different techniques to

transcriptomic readouts

functionally screen variants using

Technique

Advantages

Disadvantages

Bulk RNA-seq from isogenic
lines containing edited SNVs of
interestt8

easy to link genotype to
phenotype

time consuming and low
throughput, problems with
clone-to-clone variation, only
bulk RNA-seq data (no
information on cell
subpopulations)

Arrayed screening for target
gene expression (RNA/DNA in
SGE experiments, GenlE)1969

medium throughput and
internally controlled so very
sensitive to transcription
changes

limited to assaying only the
transcript in which the variants
are located; limited to coding
variants, 5' or 3' UTR variants;
or variants within introns (if
nascent RNA is assayed);
cannot assay other non-coding
variants

Single-cell base editing
screens%70

high-throughput scRNA-seq
readout, can assay coding and
non-coding variants (only
certain edits), can be used in
many cell types

requires guide RNA in a
suitable location; limited to C>T
and A>G mutations; guide
RNA identity is used as a proxy
for editing events, so poor
editing efficiency or bystander
editing may create noise or
SNV function misassignment

Single-cell prime editing
screens; to date, no reported
publications

high-throughput scRNA-seq
readout, can accurately assay
any coding or non-coding
variants

pegRNA identity used as a
proxy for editing, so poor
efficiency may be a problem

Coupling DNA and RNA in
same cells using multiomics
approaches’'-73

can read out edits in the
genomic DNA and obtain
scRNA-seq data; some
techniques are higher
throughput, using split pool or
droplet-based approaches

allele dropout rates are often
too high to confidently assign
SNVs, especially in
heterozygotes; large cost of
genome sequencing; most are
quite low throughput; higher-
throughput techniques have
even higher allele dropout
rates

Reading out edited variants
directly from the RNA from
single-cell approaches’7%

high-throughput and easy to
adapt from current droplet-
based workflows using short or
long reads

may suffer template switching
between SNV and cell barcode
during PCR enrichment stage,
limited to coding SNVs in
highly expressed genes, blind
to SNVs causing NMD

Coupling single-cell genotyping
and droplet-based scRNA-seq
using a cell barcode (scSNV-
seq)®®

high throughput, simple to set
up as it uses commercial kits
(scGenotyping Mission Bio,
scRNA-seq 10x Genomics),
can be used for any coding
and non-coding SNVs,
genotype assignment is good
for all alleles

expensive as it requires two

commercial kits, requires cell
barcoding and cells to divide
after editing




TARGET GENE TRANSCRIPTION READOUTS OF
ENDOGENOUS MAVES

In order to investigate the expression changes of target genes caused by the introduction of
SNVs at their endogenous location using CRISPR approaches, several methods have used a
comparison of RNA levels of each variant normalized to the level of edits in the DNA to provide
a sensitive method for assaying the effects of variants on transcription in a pooled manner. In
these cases, the edited SNVs have to be located in the transcribed part of the gene being
assayed, allowing the SNV to be detected in both the cDNA and genomic DNA libraries. In
a BRCA1 SGE study', coding variants were quantified in the RNA (cDNA) and compared to
levels of editing in the DNA, and the ratio of abundance was used in order to identify which
variants reduce the level of BRCA1 expression. In a technique called genome engineering-
based interrogation of enhancers (GenlE)®, the effects of SNVs in non-coding regions or
identified from spliceQTLs or fine mapping Alzheimer GWAS variants in the CLU gene were
screened with a similar cDNA/gDNA comparison. Such techniques are medium throughput
and allow many more SNVs to be screened compared to making individual isogenic lines, but
the cDNA/gDNA approach is limited to looking at only the transcript in which the SNV is

located.

In order to study gene-regulatory elements, high-throughput methods, such as massively
parallel reporter assays (MPRAs)’®, are a powerful way to measure the effects of SNVs on
expression of a reporter gene but are limited since they do not replicate the natural genomic
and chromatin context. A recent method, GenlE-ATAC, performs editing at endogenous
regulatory elements and assays the effect of SNVs on chromatin accessibility’” using a
ratiometric method analogous to that described above. This method also allows analysis of
both changes in target transcript expression and chromatin accessibility upon editing to

provide a targeted, multimodal approach.

SINGLE-CELL TRANSCRIPTOMICS AND HIGH-CONTENT READOUTS FOR
ENDOGENOUS MAVES

The methods discussed above can only read out the effect of the SNV on the transcript or
regulatory element in which it is located, and it is not possible to obtain the full transcriptome
of endogenously edited cells, for which other techniques are required. Overexpression of
cDNA variant libraries can provide valuable information to measure the effects of coding SNVs
and can be coupled to complex single-cell transcriptomic readouts. For example, by linking

the exogenously introduced variant with a barcode that can be read out in single-cell



transcriptomics (Perturb-seq), 200 coding variants in TP53 and KRAS have been analyzed by
scRNA-seq’®. While useful, this approach has limitations since it is not performed with

endogenous stoichiometry or genomic context.

SINGLE-CELL BASE AND PRIME EDITOR SCREENS

Pooled base editor screens coupled to single-cell omics readouts are one way to screen SNVs
in their endogenous context. Similar to single-cell CRISPR knockout (KO)/CRISPR
interference (Perturb-seq) experiments, such screens detect the guide RNA sequence within
each single cell and use it to predict the editing event that has taken place. As well as scale,
one major advantage of a single-cell base editor screen is that it allows both coding and non-
coding variants to be assayed. As an example, coding variants tiling across the JAK7 gene
were introduced by base editing, coupled to scRNA-seq and resulted in clear transcriptomic
differences in components of the IFN-y signalling pathway®®. Morris et al.”® used a single-cell
base editing screen at the end of their experimental pipeline (base-editing systematic targeting
and inhibition of noncoding GWAS loci with single-cell sequencing, bee-STING-seq) to
introduce selected non-coding variants from blood trait GWASs and link them to function. By
analyzing the full transcriptome, it was possible to assign both genes regulated in cis by
specific variants as being causative in blood traits as well as the downstream frans effector
genes and pathways. Another study has performed one of the most comprehensive single-
cell base editing screens to date®®, in which the authors assayed the effects of non-coding
SNVs located in the promoter regions of the HGB1/2 gene and coding SNPs across

the GATA1 gene in primary human hematopoietic stem and progenitor cells (HSPCs).

A move toward prime editing screens linked to a single-cell readout would, in theory, allow the
introduction of any SNV at any location, although, at present, these screens are often limited
by efficiency of editing. This is a particular problem for single-cell assays in which the guide
RNA is a proxy for editing, and, thus, a low editing efficiency means cells assigned to an
inefficient guide RNA could still have a wild-type phenotype even though the SNV is
detrimental to gene function. This is also true for single-cell base editing screens, and,
additionally, any edits outside of the window of editing can introduce non-predicted SNVs,
which could lead to the incorrect assignment of phenotype to SNV. To address these
problems, there have been attempts to identify the base edits that have been introduced into
the genome using single-cell DNA amplicon sequencing®®, but as the authors discuss, this is

not linked to a transcriptomic readout in the same cell.



POOLED SINGLE-CELL SNV SCREENING

There are a number of methods that have been developed to specifically couple the genotype
and phenotype (at the transcriptional level) in the same single cell. They fall into two broad
categories: those that amplify from the whole genome and transcriptome from a single cell
and those that read out the genotype from the RNA in a single cell. Whole-genome and
transcriptome methods such as G&TSeq (genome and transcriptome sequencing)’®, Simul-
seq (simultaneous DNA and RNA sequencing)®® and SIDR (simultaneous isolation of genomic
DNA and total RNA)®! have been used to detect endogenous SNPs, and more recently,
improved coverage of the genomic DNA®? has allowed CRISPR edits to be detected. However,
these methods are plate based, which limits their scalability, with the exception of sci-L3-
RNA/DNA (combinatorial indexing and linear amplification co-assay of the genome and
transcriptome), which uses split-pool barcoding®, or DEFND-seq (DNA and expression
following nucleosome depletion sequencing) which uses a droplet-based approach’.
However, all of these approaches suffer not only from the cost of the whole-genome
sequencing (WGS) but also from a relatively high allele dropout rate (<20%—25%), making it
difficult to accurately call heterozygous SNPs, which is particularly important after editing.
TARGET-seq”® addresses this problem by using targeting amplification of DNA and achieves
a low allele dropout rate (~10%), but this is a plate-based approach and, thus, only scalable

to relatively small numbers of cells.

The second approach to couple edited genotypes with single-cell transcriptomics has been to
read out the variants introduced directly within the RNA. The Genotyping of Transcriptomes
(GoT)™ method adapts droplet-based single-cell technologies by enriching the region of the
transcript that contains the variant by simple PCR or by circularization then PCR, depending
on the position of the variant. Long-read sequencing of full-length cDNAs enriched for
transcripts of interest (transcript-informed single-cell CRISPR sequencing, TISCC-seq) has
also been used to capture variants in different locations along the cDNA™, which the authors
have used in conjunction with a single-cell base editor screen. Such techniques are high
throughput and so can cover many SNVs of interest, but they are limited to transcribed variants
and also to genes with high-enough levels of transcription. Importantly, if SNVs trigger NMD
or allele-specific expression, then there will be no transcript to detect, which could mean that

these high-effect SNVs are missed or heterozygous alleles misannotated.

Recently, a technique called single-cell SNV sequencing (scSNV-seq) has been developed to
combine the robustness of targeted single-cell genotyping with the throughput of droplet-
based scRNA-seq®. Here, the authors use a cell barcode that is genotyped alongside the

edited region, and the cell barcode can also be read out in the scRNA-seq in a fashion similar



to a guide RNA sequence. In this case, the cell barcode links directly to the genotype of that
particular cell, enabling precise annotation of the scRNA-seq data. Using this technique, it
would be possible to edit both coding and non-coding SNVs and accurately identify
heterozygous and homozygous edits, although it does require the cells to be barcoded and to

divide after editing has taken place.

These complex transcriptional readouts are not trivial to analyze in terms of assigning
genotypes to cells and identifying the true effects of perturbation from the noise inherent to
single-cell transcriptomics, especially when the effect is not large. Accordingly, various
methodologies are being developed to analyze single-cell CRISPR KO screens®-8° but
additional work will be required to adapt these to SNVs and genes that have more subtle

effects on cellular phenotypes.

These advances have allowed the analysis of the complete transcriptome of a cell upon
introduction of edited SNVs at endogenous loci, even in primary cells. Further advances in the
editing technology, especially improvements to prime editing and its coupling to single-cell
omics, have a lot of potential to scale these efforts still further. All of these techniques can, in
principle, also be applied to the expanding range of single-cell multiomics readouts, such as
full-length transcript sequencing, proteomics, chromatin accessibility, and modifications, that
will further expand our understanding of the effects of genetic variation. In the future, these
methods could be applied to even more complex and disease-relevant cellular models in a
manner to similar KO screens performed in stem-cell-derived cells®, organoids®’, and
xenografts® and even in vivo®, which will provide even more representative readouts for
better modeling disease etiology. Another exciting area of future development that will allow
even more relevant cellular functions to be assigned to SNVs will be technologies that allow
coupling of the effects of editing to imaging-based cellular phenotypes, such as cell painting

and high-content imaging®-%°.

CONCLUSIONS AND FUTURE PERSPECTIVES

The choice of gene editing method has profound implications for the application, readout, and
potential translational outcomes of endogenous MAVEs. There are practical trade-offs
between disease relevance, the complexity of the experimental system, and the scale and
cost of endogenous MAVEs. The investigator has to strike the right balance for each biological
question to maximize the generation of informative data for each assay. Fewer compromises
will be required with advancements in gene editing technologies, their efficiency in complex

model systems (including in vivo®?®'), and the development of more complex phenotypic



readouts, such as single-cell transcriptomics and imaging (Table 1). The most appropriate
gene editing approach depends on several factors, such as the most relevant cell model, the
nature of the desired edit, the scale of the experiment, and the expected disease phenotype.
The efficiency and precision of the gene editing technologies, as well as the compatibility with

downstream readouts, are key considerations (Figure 1A).

Endogenous MAVEs have exciting potential for addressing fundamental and long-standing
questions in genomics, such as the role of non-coding regulatory DNA elements®. Equally,
the pre-emptive functional assessment of variants associated with disease has exciting
potential to aid diagnosis for patients with rare or previously unseen variants and germline
variants from single-parent families or where family history is ambiguous. Functional data from
MAVEs will be an increasingly important approach to translate the growing wealth of genomics
data into informing clinical decision-making in the diagnosis and treatment of genetic

diseases'92891,
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