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ABSTRACT: CRISPR-Cas technology has revolutionized biology
by enabling precise DNA and RNA edits with ease. However,
significant challenges remain for translating this technology into
clinical applications. Traditional protein engineering methods, such
as rational design, mutagenesis screens, and directed evolution,
have been used to address issues like low efficacy, specificity, and Traditional
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design of novel gene-editing enzymes can be streamlined. AI/ML prediction prediction prediction

models predict activity, specificity, and immunogenicity while also
enhancing mutagenesis screens and directed evolution. These approaches not only accelerate rational design but also create new
opportunities for developing safer and more efficient genome-editing tools, which could eventually be translated into the clinic.
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B INTRODUCTION gene editors. AI/ML models are particularly useful for
predicting on-target and off-target activity of guide RNAs
(gRNAs), a critical factor in ensuring the specificity (and
safety) of gene editing. AI/ML-driven approaches can also
enhance mutagenesis screens and support directed evolution
by identifying promising variants for testing, accelerating the
discovery of optimized editors by reducing the vast search
space of all possible mutants that would otherwise have to be
tested.

We also address novel modalities, such as base editing and
prime editing, which offer greater precision and versatility over
the base CRISPR-Cas endonucleases. Increased precision
could refer to fewer off-target effects outside the target locus,
and/or reduced bystander edits, which are undesired changes
within the target locus. New modalities that enable larger
segments of the genome to be rewritten are also emerging,
including the Insertion Sequences 1S110/IS1111, recombi-
nases, and transposases. Data-informed computational strat-

CRISPR-Cas technology has impacted biology by enabling
precise DNA/RNA edits with accuracy and ease. Despite these
advances, current genome editing tools still face significant
hurdles that limit their clinical translation and real-world
impact. Key challenges include improving editing efficacy and
specificity, as well as reducing protein size and immunoge-
nicity. Traditionally, protein engineering has relied on labor-
intensive techniques like rational protein design, directed
evolution, and mutagenesis screens, but these approaches are
often time-consuming and constrained by the need for pre-
existing, detailed experimental and structural knowledge.

It is here that the Synthetic Biology toolkit in enzyme
discovery and engineering presents an enticing opportunity in
addressing key limitations of DNA/RNA editors. Here, we
review the recent advances that develop novel and improved
DNA/RNA editors through computational strategies. For
broader discussions of CRISPR-Cas discovery, engineering and
applications, we refer readers to previous reviews.

Computational biology has been employed to tackle many
challenges faced in Synthetic Biology, by enabling the design,
modeling, simulation and optimization of biological systems in
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a speedy and scalable manner. Moreover, the recent trajectory
of artificial intelligence (AI) and machine learning (ML) tools
opens new avenues for designing more efficient and precise
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Figure 1. Finding genome editors. (A) Schematic representation of the key features of finding new genome editors. This figure was created with
BioRender.com. (B) Phylogenetic tree illustrating CRISPR Type II proteins, with data sourced from CasPedia.'® (C) Phylogenetic tree of 15200/
1S605 family proteins, constructed from sequences retrieved from the ISfinder database,'” ali%ned using MAFFT, and analyzed with IQ-TREE2."®
Both phylogenetic trees were visualized using iTOL with representative proteins annotated.””

egies have immense potential for the enhancement and
refinement of these novel modalities.

B FINDING NEW EDITORS

Clustered regularly interspaced short palindromic repeats
(CRISPR) was independently discovered by several groups
in the 1980s and 1990s,* but its biological function had
remained elusive until the 2000s when it was characterized as a
prokaryotic defense mechanism.” CRISPR was subsequently
repu?osed for gene editing in bacterial and mammalian
cells,""* opening the door to potentially efficient gene editing
therapies. Despite its high programmability and relative ease of
use, the translation and extensive adoption of CRISPR as
genetic medicines have been limited by efficiency of targeting,
specificity, size and immunogenicity of CRISPR-associated
(Cas) proteins, as well as the sequence contexts that Cas
complexes could target. Therefore, there is continued interest
in discovering new CRISPR systems with desirable features.
A suite of bioinformatics tools has been used to identify
CRISPR arrays and their associated Cas protein genes within
bacterial and archaeal genomes. Some key characteristics of
CRISPR-Cas systems are the presence of repetitive sequences
(direct repeats), which constitute the RNAs that program
CRISPR-Cas complexes toward the target sites, and highly
conserved genes such as Casl and Cas2, both of which are
involved in spacer acquisition. Commonly utilized tools
include CRISPR Recognition Tool (CRT),” PILER-CR,"’
CRISPRfinder'' and its upgraded version CRISPRCasfinder."
CRT directly scans DNA sequences for exact k-mer matches to
detect repeats without additional preprocessing. PILER-CR
builds upon a repeat analysis algorithm of PILER targeting
CRISPR repeats specifically, while CRISPRfinder uses Vmatch,
Fuzznuc, and CLUSTALW to identify CRISPR repeats and
perform BLAST searches against the GenBank database. A
schematic of this process is presented in Figure 1A.
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ML has been utilized to augment the search for new editors,
particularly through the enhanced detection and clustering of
genes encoding these enzymes. CRISPRCasFinder excels in
Cas gene detection and shows improved CRISPR specificity by
integrating CasFinder from MacSyFinder,13 utilizing protein
similarity searches via Hidden Markov Models. Another tool,
CRISPRCasTyper,'* employs 680 Hidden Markov Models to
identify Cas genes and uses BLAST and a k-mer-based ML
approach within its RepeatType module to detect CRISPR
arrays. More recently, a fast locality-sensitive hashing—based
clustering (FLSHclust) algorithm was reported.'” Using this
approach of clustering similar, but not identical, protein and
DNA sequences, Altae-Tran et al. were able to significantly
reduce the time needed to segregate the vast data consisting of
8 billion proteins and 10.2 million CRISPR arrays from
months to weeks without significantly sacrificing clustering
performance. When compared to Linclust and MMSeqs2 on a
large data set containing 51 million proteins, FLSHclust was
found to cluster 58% more proteins than Linclust and only
12% fewer than MMSeqs2, while FLSHclust exhibits
linearithmic scaling in practice, which allows it to run faster
than Linclust and MMSeqs2, two quadratic-scaling algorithms.
Over 100 novel CRISPR-associated gene modules were
subsequently identified, several of which (DinG-HNH, CasS-
HNH, Cas8-HNH, and a candidate type VII system) were
experimentally characterized and/or engineered.

New systems incorporating potential gene editors have also
been recently discovered through computational analyses of
evolutionary genomic data. For example, IscB from the 15200/
IS605 transposon family has been identified as a putative
ancestor to Cas9 via clustering and phylogenetic analysis of the
RuvC endonuclease, bridge helix (BH), and HNH endonu-
clease domains™ (Figure 1B, C). At approximately 400 amino
acids in size, IscB is smaller than Cas9 and thus more easily
packaged into delivery vectors, making it promising for
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Figure 2. Alignment of experimentally determined Streptococcus pyogenes Cas9 structure in complex with sgRNA and target DNA (orange) with
Alphafold3 (AF3) generated structures** (blue, red). The predicted structure is colored by pLDDT values, with residues with high pLDDT values
shown in blue, residues with moderate values in purple and residues with low values in red. (A) Alignment of experimentally determined
Streptococcus pyogenes Cas9 structure in complex with sgRNA and target DNA* (orange) with the AF3-generated structure using the same amino
acid and nucleic acid sequences (blue, red). The AF3 prediction is of high confidence, as most residues have pLDDT > 90, pTM = 0.92 and iPTM
= 0.94. The experimentally determined and AF3-predicted structures align well (RMSD = 2.004). (B) Alignment of experimentally determined
Streptococcus pyogenes Cas9 structure in complex with sgRNA and target DNA (orange) with the AF3-generated structure of OpenCRISPR-1**
(blue, red). The AF3 prediction is of high confidence, as most residues have pLDDT > 90, pTM = 0.82 and iPTM = 0.92. The experimentally
determined and AF3-predicted structures align well (RMSD = 2.114). (C) Alignment of experimentally determined Streptococcus pyogenes Cas9
structure in complex with sgRNA and target DNA (orange) with the AF3-generated structure of EvoCas9-1¢ (blue, red). The AF3 prediction is of
high confidence, as most residues have pLDDT > 90, pTM = 0.84 and iPTM = 0.91. The experimentally determined and AF3-predicted structures
align well (RMSD = 2.028).

therapy. Other IscB homologs are even smaller — IsrB, which that cannot be remedied through simple SNP editing or gene
lacks the HNH domain, is approximately 340 amino acids, knockouts.

while IshB, which lacks the RuvC domain, is approximately

180 amino acids. Although the original IscB displays low B DESIGNING NEW EDITORS

editing activity in human cells, protein engineering that Beyond mining sequencing data for naturally occurring gene
enhances its DNA-binding affinity resulted in >30-fold increase editors, researchers are now envisioning the design of de novo
in gene editing frequency.”’ TnpB, another member in the editors with desired properties. This design objective is rooted
15200/1S60S family that is widespread in nature, has been in the correlation between protein structure and function,
posited to be the ancestor of Casl2 based on bioinformatic which is bolstered by the backdrop of recent advances in deep
prediction of the conserved RuvC-like active site within the learning (DL) that has yielded improvements in protein
TnpB sequence. Notably, the TnpB from Deinococcus radio- structure prediction and design. Examples of new ;)rotein
durans has been shown to work as a reprogrammable DNase prediction tools include ESMFold,* OmegaFold % and
within human cells.** Subsequently, a screen of 78 TnpB Alphafold.*"** ESMFold utilizes transformer-based architec-
systems (64 of which were curated from all 107 members of tures and is adept at handling sequence data and capturing
the IS605 group annotated in the ISfinder database, along with long-range dependencies in amino acid sequences. Meanwhile,
additional de novo annotated systems) unveiled 33 TnpB OmegaFold and AlphaFold have achieved remarkable accuracy
proteins that could efficiently cleave plasmids in E. coli, among in protein structure prediction, with AlphaFold particularly
which five also demonstrated robust editing capabilities in noted for its use of attention mechanisms and DL techniques
human cells.”’ Interestingly, a group of larger eukaryotic to model inter-residue distances and angles (Figure 2).
proteins, Fanzors, which are evolutionarily related to TnpBs, However, these models are limited in their ability to predict
were found during a systematic screening of transposable disordered and flexible regions of proteins. Nonetheless, these
elements (TEs).”* These proteins are encoded diversely in advancements enable high-accuracy structure predictions,
eukaryotic transposons, and can also be reprogrammed for which facilitate structural evaluation of the designed proteins
human genome engineering applications.” and lay a foundation for generative de novo protein designs.
In addition to endonucleases like IscB, TnpB, and Fanzors, Protein design tools can be used to design proteins that have
programmable editor systems capable of inserting, deleting or never been generated by nature (unconditional), or to improve
flipping large segments of DNA have also been discovered, existing proteins (conditional). Conditional design imposes
although such activity has yet to be demonstrated in specific constraints such as protein function, stability,
mammalian cells.”"** Unlike other systems that depend on molecular interactions, or environmental suitability, making it
endogenous DNA repair processes and/or the fusion of useful when the desired engineering outcome is well-defined.
effector proteins, these RNA-guided recombinases of the Unconditional design, however, imposes no such constraints
IS110/1S1111 family are smaller, easier to deliver and and is used when the desired characteristics of the protein are
potentially less immunogenic. More importantly, these not fully known, or when one is creating entirely new
recombinases could facilitate large DNA edits, such as structures. There are two main strategies for protein design:
inversions, duplications or translocations, which are challeng- structure-based and sequence-based, which can both be used
ing with current endonucleases. Engineering these systems for for conditional and unconditional design. Structure-based
programmable, site-specific activity in mammalian cells would protein design typically uses diffusion models, such as
expand the toolkit for treating a wider range of genetic diseases RoseTTAFold Diffusion (RFEdiffusion)*® and its derivatives
638 https://doi.org/10.1021/acssynbio.4c00686
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(e.g RF diffusion All-Atom™*), while sequence-based design
typically uses large language models (LLMs).”>*® For more
detailed discussions pertaining to protein desi%n with
generative Al, we refer readers to previous reviews.””*® Tt is
not difficult to envision the use of these models for the creation
of gene-editing proteins with tailored functions, whether by
structure- or sequence-based approaches.

Diftusion models have already been used to generate novel
sequence-specific nucleic-acid binding proteins. Glasscock et
al. optimized existing RFdiffusion methodology for designing
sequence-specific DNA-binders,”” creating specific helix-turn-
helix (HTH) DNA-binding domains and using RIFdock to
identify optimal variants. They employed LigandMPNN,40 a
variation of ProteinMPNN"' to design high-affinity DNA
binding proteins (DBPs) that could bind 7-mer DNA
sequences, demonstrating functionality in bacterial and
mammalian cells. In contrast, Zhou et al. designed DBPs
with enzymatic activity,"> creating 27 artificial Argonaute
proteins, 24 of which display DNA cleavage activity, with 74%
of these outperforming the template protein. Although these
two studies have designed DBPs successfully, designing an
RNA-guided de novo editor would be significantly more
challenging due to the need for ternary interactions with both
guide RNA and target DNA. However, with the development
of newer tools like RoseTTAFoldNA,* which can predict
protein-nucleic acid complexes more accurately, we anticipate
that improved design of de novo gene editors using diffusion
models will emerge.

Several recent examples utilize a different approach to
generate de novo editors. LLMs leverage 2D sequence-based
knowledge, and thus require less computational resources than
3D structure-based strategies (allowing for greater scalability
and speed) and are less reliant on accurate structural data that
has been traditionally onerous to obtain. An example of a LLM
tool is Evo, a deep signal processing model that enables
prediction and generation of tasks over multiple modalities,
including the design of CRISPR-Cas complexes. While these
designs have not yet been empirically shown for activity in
cells, the protein and RNA sequences have been predicted to
form structures resembling their canonical counterparts in key
enzymatic domains. Nguyen et al. also used Evo to design
IS200/IS60S elements, including the programmable nuclease
TnpB. Only 25.5% of the designed TnpBs were predicted to
fold well when assessed by ESMFold pLDDT, highlighting
both the potential and challenges of using sequence-based
models for protein design. Separately, Ruffolo et al. employed
LLMs trained on biological diversity at scale to design
programmable gene editors.”> Of the 209 Cas-like proteins
selected for validation, their top hit, PF-CAS-182 (aka.
OpenCRISPR-1), displayed both lower off-target editing and
higher editing activity than SpCas9, with indel rates of 55.7%
versus 48.3% at on-target sites.

In conclusion, the development of Al tools for protein
design and modeling holds great promise. While only a limited
number of publicly available tools exist for designing nucleic-
acid binding enzymes, recent breakthroughs herald an
exponential trajectory toward radical design of effective gene
editors. The ability to generate new proteins and enzymes
raises new concerns about biosafety, as there is now the
potential to generate pathogenic proteins. While this issue is
beyond the scope of our review, we refer readers to other
articles in which these are discussed in more detail.***®
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B TRADITIONAL MEANS OF ENGINEERING EDITORS

Native gene editors often have low activity, especially in
mammalian cells. This highlights the need to improve on-target
efficiencies, while minimizing unintended off-target effects,
before these editing systems could be deployed as research
tools and therapeutics. Both rational design and random
mutagenesis approaches have been employed to engineer the
RNA and protein components.

In terms of engineering gRNA, several features have
emerged as important: the protospacer adjacent motif
(PAM),*" =% gRNA sequence motifs,"”*"** overall nucleotide
usage,””**~*! nucleotide composition in the seed re-
gion,47’49’50’53 overall secondary structure,” GC content,”’
and overall length.>>>" Such rules were determined by creating
a pool of gRNAs that tile across multiple target sites, and then
assessing corresponding cleavage activity of each gRNA, via
downstream assays,”” positive/negative screening, and/or high
throughput sequencing.”® Alternatively, these rules could also
be investigated through the analysis of publicly available data
sets to identify novel features.*”°

These efforts eventually led to the development of various
sgRNA design tools, many of which employ ML to analyze the
complex interplay of parameters described above. One of the
few hypothesis-driven tools, which relies on experimentally
informed, human-interpreted rules to design gRNAs, is
CHOPCHOP.>* Its first version was based on two parameters:
GC content and whether the gRNA contains a G at position
20. Later versions incorporated more sophisticated rules,
updated with the growing literature on parameters governing
CRISPR activity, and added functionalities such as CRISPR
activation/repression and RNA cleavage.”>*® Other hypoth-
esis-driven tools include E-CRISP*” and GuideScan,’® but ML
tools are far more common.

Additionally, off-target prediction can be integrated into
these computational tools. Experimentally, off-target activity is
measured by performing targeted or whole genome sequenc-
ing, and examples include GUIDE-seq,’’ CIRCLE-seq,”
SITE-seq’’ and DISCOVER-seq.”> These data sets provide
valuable input for training and validating off-target prediction
models, which improves the utility of gRNA design tools.

Besides engineering gRNA, extensive efforts have also been
directed at protein engineering, chiefly to increase specificity,
on-target activity, and targeting range. To increase the
specificity of Cas9, groups have utilized structure-guided
rational design to minimize Cas9 activity on off-target
sequences, by reducing nonspecific Cas9 interactions with
DNA,* attenuating the helicase activity of Cas9,* and by
raising the threshold for HNH nuclease conformational
activation.”® Besides rational design, others have utilized
bacterial selection,>®” in vivo screening in yeast,”® phage-
assisted continuous evolution (PACE),”” and directed
evolution in E. coli’® to identify Cas9 variants that have higher
fidelity.

In contrast, to improve on-target efficiency of Cas9,
strategies have sought to maximize Cas9 activity through the
fusion of multiple nuclear localization signals,”' optimizing
codon usage,”” increasing accessibility through chromatin
remodelling,73_75 and enhancing association between Cas9
and its DNA substrate.”® Knowledge of structure, molecular
interactions, and dynamics within the editor complexes
together has informed the tuning of editor activity.

https://doi.org/10.1021/acssynbio.4c00686
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developing SpCas9 that recognize non-NGG PAMs. The PAM
refers to a 2—6 base-pair sequence located immediately
adjacent to the target sequence that is complementary to the
RNA guide, and is essential for the recognition and cleavage of
DNA sequences by the Cas protein. While multiple Cas
proteins may recognize a particular PAM sequence, each Cas
protein only recognizes one PAM. For example, SpCas9 only
recognizes and cleaves next to the NGG sequence. Hence,
editing sequences that are not adjacent to NGG would require
the usage of other Cas proteins that can recognize non-NGG
PAMs. Examples of expanded-PAM Cas9 variants include
SpCas9-VQR (recognizes NAG and NGAG PAM;s®), SpCas9-
EQR (recognizes NGCG PAMs™), xCas9s (recognize NG,
GAA and GAT PAMs®), variants that recognize NRNH
PAMs,”” and a nearly PAMless SpRY variant (recognize NGN
PAMs’®). These variants were identified through various
approaches, such as error-prone mutagenesis,66 PACE,”””
phage-assisted non-continuous evolution (PANCE)”” and
structure-guided mutagenesis.”® These studies have provided
an expanded targeting range for flexibility in genome editing.

B NOVEL MODALITIES

Most genetic diseases cannot be addressed with simple gene
knockouts, requiring more advanced genome editing techni-
ques. Novel modalities like base and prime editing have
emerged, offering greater precision in genetic modifications.

Base editors allow the targeted conversion of specific base
pairs without the induction of double-strand breaks. For
instance, cytosine base editors (CBE) can convert C to T or G
to A,”° while adenine base editors (ABE)** convert A to I
(which polymerases interpret as G). Recent base editors can
also mediate C-to-G conversions.*"*> Base editors-focused
reviews provide a more thorough description of their structure
and functions.*>**

Prime editing is another significant advancement. It uses a
Cas9 nickase fused to an engineered reverse transcriptase, and
a pegRNA that both locates the target site and provides the
template for the desired edit. This method allows all 12 base
substitutions, alleviates the less controllable and unpredictable
mutagenic outcomes generated from the cell endogenous
repair of Cas9-mediated DSBs, and is less confined by PAM
requirements.85 Strategies to optimize prime editing, such as
using PACE to enhance the reverse transcriptase domain®®
have produced more efficient prime editor variants.

Other gene editing modalities have been developed and
improved by combining different proteins and optimizing each
component through screens, protein engineering and directed
evolution. For example, find and cut-and-transfer (FiCAT)
allows the targeted insertion of multikilobase DNA fragments
into the genome.’” The use of DNA-dependent DNA
polymerases has also been used to improve the efficiency
and versatility of prime editing. Researchers have replaced the
reverse transcriptase (RT) in prime editors with the DNA-
dependent DNA polymerase phi29°® to enable increased
editing efficiency for long sequences. Similarly, the click editor
system uses a DNA polymerase fused to a gRNA-program-
mable nickase and an HUH endonuclease to enable
substitutions, insertions and deletions.®

640

Despite the above-mentioned successes, the sheer number of
possible gRNA variants and engineered Cas proteins creates an
enormous search and design space that is impossible to
interrogate through experimental means alone. ML and DL
tools, by capturing the underlying patterns without explicitly
identifying the relationship between features (target character-
istics) and labels (experimental outcomes), can efficiently
shortlist promising variants to be experimentally tested, thus
minimizing resource wastage. Figure 3 presents a schematic of
the relevant methods.

Predicting gRNA On-Target and Off-Target Activity.
Given the many tools available, we will focus on the main ways
the field has changed over time and some overarching themes
and challenges that remain. For more comprehensive reviews
that evaluate algorithmic aspects of machine and deep learning
in predicting on- and off-target activity, we refer readers to
previous reviews.”’ ™"

ML tools, such as regression93 and classification models,
were trained using early large sgRNA screening data sets. Over
time, DL models, particularly convolutional neural networks
(CNNs),”™” were introduced. Later studies expanded into
hybrid models”®”” and included more sophisticated strategies
from natural language processing, such as attention-based
architectures. DL also enabled the discovery of features
through representation learning. However, different models
sometimes yield contradictory results, highlighting the ever-
green importance of experimental validation. For instance,
DeepCRISPR™ and CNN-SVR'® found that uracils are
disfavored at the four positions closest to the PAM, which is
consistent with experimental data,” but C-RNNCrispr'’!
favored the presence of uracil at the similar protospacer
position 20.

Early on-target prediction models primarily use the
nucleotide sequence of the protospacer sequence, the PAM
and some flanking sequences, while off-target prediction
models consider the sequence similarity between the gRNA
and its target, with the general rule that off-target potential
decreases with increasing base-pairing mismatch between the
gRNA and off-target DNA. Various encoding methods, such as
one-hot encoding and the more advanced loss-free encoding,
impact model performance (with the latter outperforming
previous methods in off-target prediction by 35%)."
Additional features such as chromatin accessibility and
epigenetic information”” have also been incorporated.
However, the choice of data set may introduce certain cell-
type-specific biases into these models, given that epigenetic
factors and chromatin accessibility can be cell-type specific. For
instance, only partial correlations (0.462—0.752) were
obtained when knockout efficiencies of gRNAs across different
cell lines in the same species were compared.””'*> More recent
developments include incorporating physically informed
features such as sequence context around potential off-target
sites, the GC ratio, nucleosome positioning,104 and even
molecular dynamics of gRNA-DNA interactions,'*® showing a
trend toward predictions that go beyond simple sequence
context.

The underlying data set (and by corollary, the experimental
design and labels) can affect the performance of these ML/DL
tools. For on-target predictions, functional screens measure the
phenotypic changes after gene editing, such as changes in cell
surface markers®’ or drug resistance, 4106 \hile other screens
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quantify editing outcomes at a nucleotide level after
introducing synthetic exogenous libraries of sgRNAs and
target pairs.'”” While the latter approach yields more detailed
information, such as indel rate and editing patterns, such
predictions may not necessarily translate to phenotypic
outcomes. Ultimately, models are more accurate for use
cases that closely resemble their training data but may not be
transferable to different experimental conditions. This is
exemplified by the differences noted by Haeussler et al
when evaluating 20 data sets, specifically that the performance
of the on-target efficiency model strongly depends on the
promoter used for guide RNA transcription.'”® Despite these
challenges, ML and DL models are increasingly being agglied
to other genome editing modalities like base editors, 2° 110
prime editors''" and RNA-targeting Cas proteins,112 and one
expects these conceptual frameworks to be extrapolated to the
newer generation of nucleases and editors, such as IscB, TnpB,
Fanzor, and insertion sequences (IS).

DL models are generally more powerful than traditional ML
models given their ability to automatically learn features.
However, their potential is currently limited by the relatively
small sizes of sgRNA training data sets. Many public data sets
contain only tens of thousands of guide sequences, insufficient
for robust DL training. Some studies have tried to combine
multiple existing data sets,'”” but the intrinsic differences in
data collection lead to conventional ML models performing
comparably or even better than DL models. For example,
conventional ML models, including Azimuth 2.0,* perform
well against DL models,”’ and CRISPR-GNL, based on
Bayesian ridge regression, outperforms DeepCas9,''” partly
due to the use of feature selection. In addition, CRISPR
sequences have fewer features (20—30nt) with which models
can be trained on, compared to other deep learning
applications, such as image or speech analysis, where millions
of data points are used as features, possibly limiting the utility
of DL for gene editing.

Researchers therefore elect to build multiple models in
parallel before identifying the best model for their
application."' "> Studies have also shown that using multiple
ML models in combination can outperform individual
predictive tools for off-target activity.'"®

One challenge with existing data sets, especially for off-target
prediction, is the imbalance between positive (off-target) and
negative (nonoff-target) samples. This imbalance can lead
models to overlearn from the majority class, reducing accuracy
for minority samples. To address this, Chuai et al. pretrained
their model with a vast data set of unlabeled sgRNAs (0.68
billion) through deep unsupervised representation learning,”
before refining it with a supervised neural network using
labeled sgRNAs. Their platform, DeepCRISPR, also uses a
bootstrapping sampling to balance the data and incorporates
epigenetic features from 13 cell types. Similarly, Zhang et al.
improved their DL-CRISPR model by quadrupling the number
of positive samples through a technique borrowed from image
classification, rotating the original feature matrix to rebalance
their training data.'/ These methods proved crucial for
improving DL model performance, despite the challenges of
small and imbalanced data sets.

Supporting Mutagenesis Screens and Directed
Evolution. Conventional protein engineering relies on
rational design and random mutagenesis. Rational design is
traditionally limited by the availability of protein structures and
data on beneficial mutations, while random mutagenesis is
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laborious for large proteins like Cas nucleases. Epistatic
enhancement to the proteins, which is conferred by
combinations of multiple mutations, is also difficult to access
with random mutagenesis approaches. Directed evolution
circumvents some of these challenges by using multiple
iterative rounds of mutation and selection to optimize protein
function. However, in cases where mutations interact in
nonadditive ways (epistatic effects), DE may lead to the
selection of mutants trapped in local, rather than global,
optima.118

ML offers a solution to reduce experimental burden in
protein engineering. In a machine learning-assisted directed
evolution (MLDE) framework,''® information from activity
screens can guide the selection of new variants through
iterative test-learn-design cycles, narrowing the search space
more efficiently and minimizing the need for exhaustive
experimental screening.

In protein variant libraries, most variants have no or low
activity, limiting the overall yield from random sampling. ML
models will benefit from selection strategies (zero-shot
predictions) that prioritise functional variants.''” The choice
of ML model will also influence prediction reliability, and
should be selected based on factors such as the size of the
training data set and desired accuracy.''® Similarly, model
accuracy can be affected by encoding methods, which refer to
how sequences are mapped to numerical representations used
to train, test and run ML models. For example, when
compared to traditional one-hot encoding, which indiscrimin-
ately assigns numbers to amino acids, the use of Georgiev
representation'”’ and learned embeddings from the MSA
Transformer,'”" which consider physicochemical and evolu-
tionary properties, improved MLDE outcomes.''” In the
context of RNA-guided nucleases, the choice of sgRNAs also
plays a role in the reliability of predictions by the ML
model."**

For Cas nucleases, MLDE has been successfully used to
identify KKH-SaCas9 variants with increased activity.'*” After
validating the MLDE model''”'** for predicting SpCas9
activity using a previous high-throughput data set,'**
leveraging only 20% of the input data can accurately nominate
top-performing variants in downstream predictions, which
reduces the screening burden by 80%.'** This shows that ML
can enhance mutagenesis screens and directed evolution,
enabling the exploration of larger search spaces with fewer
experiments. Although the field is currently partially limited by
the lack of large, consistent and unbiased data sets, we are
optimistic that newer tools with improved predictions could
significantly advance genome editing and gene therapy by
prioritising high-activity proteins and gRNAs with fewer off-
target effects.

B REDUCING IMMUNOGENICITY

In view of clinical applications, ML and DL tools are also
increasingly employed to reduce the immunogenicity of
genome-editing proteins like Cas nucleases. Immunogenicity
can pose safety risks and reduce the efficacy of gene editing
therapies. Despite initial assumptions that transient expression
of these nucleases within cells could limit immune reactions,
studies have shown otherwise. For instance, anti-SpCas9
antibodies were observed in mice 14 days after adenoviral
delivery,'*> and Cas9 expression itself, re§ardless of delivery
method, induces an immune response.'”” Pre-existing anti-
bodies and T-cells reactive to SaCas9 and SpCas9 have also
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Figure 3. Traditional screening and engineering methods and Al-assisted methods both provide valuable information for improving editor function,
including via the improvement of sgRNA activity, protein function, and the reduction of immunogenicity. Created with BioRender.com.

been found in human blood samples at nontrivial preva-
lences,'””~"%% which suggests that the majority of the human
population might mount potent adverse reactions to these
editors. There is hence a pressing need to reduce the
immunogenicity of these gene editors for safer therapeutic
applications. Here we will only discuss Synthetic Biology-
informed engineering of Cas proteins to mask immunogenic
epitopes. For an in-depth understanding of pre-existing
immunity to Cas9 and the other strategies to evade such
immunity, we refer readers to other reviews."*' ™'

One approach to minimize immunogenicity is through
epitope masking, which involves identifying immunogenic
peptide sequences and modifying them to prevent recognition
by antibodies or T-cells. Experimental methods, such as phage-
immunoprecipitation sequencing (PhIP—seq),l?’4 can map
epitopes, but these processes are often costly. Therefore, a
plethora of different epitope prediction software, such as
ElliPro,"*> SEPPA 3.0,"*° epitopeSD,137 DiscoTope—?a.O,138
many utilizing ML and DL, have been developed. The next
generation of prediction tools take advantage of advances in
protein language models to outperform previous models. For
example, the integration of ESM-2 numerical representation529
into BepiPred-3.0"*" improved linear and conformational
epitope prediction. These traditional and newer AI/ML
computational tools have been used to predict binding to
Cas9 epitopes. For example, Shen et al. predicted human B-cell
and CD8" T-cell epitopes in SaCas9, using DiscoTope2.0'*
and the Immune Epitope Database (IEDB) consensus MHC-
binding prediction algorithm,"® and validated these candidates
through immunological assays. In contrast, Ferdosi et al.
identified two T-cell epitopes for SpCas9'*' using ANN-
Hydro, a T-cell epitope prediction model based on a feed-
forward artificial neural network,'** and showed that mutations
at these sites reduced Cas9 immunogenicity without
compromising Cas9 activity. These demonstrations suggest
emerging opportunities in engineering gene editors in
properties beyond on-target efficiency and off-target avoidance
(specificity). As these properties, such as immunogenicity, tend
to be more onerous to examine functionally, the resultant
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sparseness of data sets limits the training of high-performing
ML/DL models. As we harness the capability and scalability of
Synthetic Biology toward engineering and evaluating gene
editors, one can envision that the wealth of generated data will
fuel more sophisticated computational models suited for this
task.

B CONCLUSION

The rapidly advancing field of synthetic biology presents
transformative opportunities for discovering, designing and
engineering next-generation gene-editing tools to overcome
key challenges such as efficiency, specificity, and immunoge-
nicity. By mining naturally occurring systems and employing
conventional means of protein engineering, such as rational
design, saturation mutagenesis and directed evolution,
significant progress has been made in the field of gene editing.
A prime example of such success is the discovery and
optimization of CRISPR-Cas systems, which has been
successfully adapted for efficient gene-editing in mammalian
cells. Subsequently, various higher-activity, high-specificity,
and/or expanded-PAM variants have been generated, along
with various inventive modalities such as base editors and
prime editors. These innovations highlight the dramatic
advancements made in enhancing the precision and versatility
of gene-editing tools.

Moving forward, the integration of AI/ML will revolutionize
future gene editor discovery and engineering by reducing the
cost and time required for such efforts. AI/ML also has the
potential to allow the design of de novo editors with
unprecedented efficiency, specificity and safety, while introduc-
ing novel editing capabilities tailored to specific therapeutic
applications. The convergence of synthetic biology and Al/
ML, underpinned by training on expansive and high-quality
data sets, could unlock the full potential of gene-editing
technologies, redefining the landscape of gene therapy and
personalized medicine and transforming healthcare on a global
scale.
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