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Gene editing has the potential to solve fundamental challenges in agriculture,
biotechnology and human health. CRISPR-based gene editors derived from
microorganisms, although powerful, often show notable functional tradeoffs when

ported into non-native environments, such as human cells’. Artificial-intelligence-
enabled design provides a powerful alternative with the potential to bypass
evolutionary constraints and generate editors with optimal properties. Here, using
large language models® trained on biological diversity at scale, we demonstrate
successful precision editing of the human genome with a programmable gene editor
designed with artificial intelligence. To achieve this goal, we curated a dataset of
more than1million CRISPR operons through systematic mining of 26 terabases of
assembled genomes and metagenomes. We demonstrate the capacity of our models
by generating 4.8x the number of protein clusters across CRISPR-Cas families found
in nature and tailoring single-guide RNA sequences for Cas9-like effector proteins.
Several of the generated gene editors show comparable orimproved activity and
specificity relative to SpCas9, the prototypical gene editing effector, while being 400
mutations away in sequence. Finally, we demonstrate that an artificial-intelligence-
generated gene editor, denoted as OpenCRISPR-1, exhibits compatibility with base
editing. We release OpenCRISPR-1to facilitate broad, ethical use across research and
commercial applications.

Genome editing technologies, including those derived from prokary-
otic CRISPR-Cas systems, have revolutionized life science research
and are poised to transform medicine and agriculture. Single-protein
CRISPR-Cas effectors, including the widely adopted Cas9 nuclease
from Streptococcus pyogenes (SpCas9), have been used in biotech-
nology owing to their simplicity, robustness and compact form. To
diversify the CRISPR toolbox and expand editing capabilities, new
systems have been mined across diverse microbial and viral genomes.
Although these systems have been sought for specific properties, such
assmall size or extended protein stability in biofluids®*, they typically
exhibit tradeoffs in critical attributes such as basal activity in target
cells, protospacer-adjacent motif (PAM) selectivity, thermal optima
or invitro biochemical properties, ultimately limiting their reach*”.
Repurposed CRISPR systems have been optimized for biotechnology
using a range of protein engineering approaches, including directed
evolution and structure-guided mutagenesis. Directed evolution of
CRISPR-Cas proteins has proven extremely powerful yet can be limited
by the rugged and non-convex nature of the fitness landscapes® ™, along
with the difficulty ofimplementing selection-based screeninginhuman
cells. Structure-guided rational mutagenesis offers an alternative or
synergistic approach that has proven successful for improving Cas9
basal activity and specificity in human cells'> ™., Similar results may

be achievable with structure-conditioned protein sequence design
models'®”. However, both of these approaches depend on explicit struc-
tural hypotheses, either in the form of mechanistic understanding for
rational mutagenesis or structures representing key functional states
for computational design, which are difficult to obtain for functions
more complex than simple binding interactions.

Protein language models eschew explicit structural hypotheses
and instead learn the co-evolutionary blueprint underlying protein
function’®. When pretrained on large sets of diverse protein sequences,
language models (LMs) learnto represent structure and function with-
out supervision®', Subsequent fine-tuning of these models yields
family-specific specialists that generate new proteins adhering to the
functional constraints of their family yet diverging substantially in
sequence space. Thisapproach has been validated through the design
of functional lysozymes® and demonstrated in silico across several
families?. Related work has also shown that co-evolutionary models®2*
of individual protein families can be used to design new, highly active
sequences®. Compared to protein LMs, these family-specific models
areless computationally expensive to train but are typically restricted
to pairwise coupling terms (limiting their expressiveness) and do not
leverage sequences from other protein families. Despite the consider-
able utility of such sequence-based approaches, it remains to be seen
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Fig.1|Generation of diverse Cas proteinfamilies. a, Overview of the language-
modelling approach to design CRISPR-Cas systems. LMslearn the general
constraints of protein evolution through pretraining on diverse proteins
spanning theevolutionary tree and then are specialized for design by fine-tuning
on Casproteinand nucleicacid data. b, Expansion of the sequence diversity for
45 Cas protein families, measured by the number of clusters (at 70% sequence
identity (70%ID)) for natural proteins and clusters from generated sequences.

how well either strategy performs for protein families with several
complex functions, such as CRISPR-Cas effectors.

Inthiswork, we demonstrate that LMs can effectively generate diverse
CRISPR-Cas proteins spanning a broad set of families. Moreover, we
demonstrate that generated type Il effector proteins can assemble as
functional gene editorsin human cells, despite being hundreds of muta-
tions away from any known natural protein. We perform extensive char-
acterization of one exemplar editor, which we denote OpenCRISPR-1,
and show that it is highly functional and specific.

LMs generate diverse CRISPR-Cas proteins

Generative protein LMs are typically pretrained onlarge datasets of nat-
ural protein sequences spanning diverse phylogenies and functions?.
These models are capable of generating realistic protein sequences that
reflect the distribution and properties of natural proteins®. However,
for specific applications, such as the generation of gene editors, it is
necessary to steer generation towards particular subsets of protein
families of interest (Fig. 1a).

Stacked bars are coloured by the source of the sequences making up their
clusters (CRISPR-Cas Atlas, recovered from CRISPR-Cas mining; generated
Cas, 4 million generated proteins from this study). Heatmap indicates the
natural distribution of each protein family across different types of CRISPR-
Cassystems.c, AlphaFold2 was used to predict structures for 2,000 randomly
selected generated proteins. The scatterplot shows the distribution of mean
pLDDT and the %ID to natural proteins from the CRISPR-Cas Atlas.

To this end, we performed exhaustive data mining to construct a
dataset of curated CRISPR operons, including Cas proteins, CRISPR
arrays, trans-activating CRISPRRNAs (tracrRNAs) and PAMs (Extended
DataFig.1). We refer to this resource as the CRISPR-Cas Atlas. Using a
custom pipeline, we searched 26.2 terabases of assembled microbial
genomes and metagenomes, spanning diverse phyla and biomes, to
uncover 1,246,088 CRISPR-Cas operons, including more than 389,000
single-effector systems classified as type Il, type V or type VI. Our
resource displayed expanded natural diversity compared to curated
databases such as CRISPRCasDB and CasPDB (Extended DataFig. 1e), as
wellas UniProt, the world’s largest protein resource. Across all Cas fami-
lies, the CRISPR-Cas Atlas has on average 2.7x more protein clusters
than UniProt usinga70% sequenceidentity (%ID) clustering threshold
and even greater expansions for families such as Cas9 (4.1x), Cas12a
(6.7x) and Casl3 (7.1x).

To generate new CRISPR-Cas proteins, we fine-tuned the Pro-
Gen2-base LM?on the CRISPR-Cas Atlas, balancing for protein family
representation and sequence cluster size (Fig. 1a). From this model,
we generated 4 million sequences; half were generated directly from
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the model (unconditional), whereas the other half were prompted
with up to 50 residues from the N or C terminus of a natural protein
to guide generation towards a particular family (conditional). After
strict filtering and sequence clustering (Supplementary Fig. 1), we
found that the generated sequences represented a 4.8-fold expan-
sion of diversity compared to natural proteins from the CRISPR-Cas
Atlas (Fig. 1b). For families with few natural proteins, such as Cas13 and
Casl2a, generated sequences represent an 8.4- and 6.2-fold increase
indiversity, respectively. Among the sequences guided towards a par-
ticular family, we typically observed near-perfect adherence to the
family of interest with 50 or fewer residues provided, indicating that
generation is steerable with minimal context. Given the conservative
nature of thefilters applied to the generated sequences, we expect that
thereportedincreasesin diversity representalower bound; however,
as the generated sequences diverge further from natural examples,
detecting realistic proteins becomes more difficult.

We next evaluated the rate of new cluster generation by the model
withrespect tothe number of sequences sampled. For each family, we
counted the number of distinct clusters in subsets ranging from one
sequence to the full set (Supplementary Fig. 2). In general, the rate of
new cluster generation for generated sequences significantly outpaced
that of natural sequences. Among the generated sequences for each
family that survived filtering, theidentity to the nearest natural protein
was typically between40% and 60% (Fig.1c). To investigate the novelty
ofthese generated sequences, we calculated the cumulative sequence
identity explained by increasing numbers of natural proteins (Extended
Data Fig. 2). Compared to natural CRISPR-Cas proteins, the gener-
ated sequences displayed similar levels of chimerism, indicating that
LMs produce sequences with novelty akin to that of evolution. Despite
considerable deviationin sequence space, the generated proteins were
confidently predicted by AlphaFold2, with 81.65% of structures hav-
ing amean predicted local-distance difference test (pLDDT) above
80—although AlphaFold2 is known to fold non-functional proteins
with high confidence as well*®. For a small number of sequences, we
observed high similarity to natural proteins in the CRISPR-Cas Atlas
but low structure prediction confidence, owing to limited homology
in the ColabFold sequence database used for predictions. (Fig. 1c).
Finally, we investigated the structural composition of the generated
sequences and found that many were predicted to adopt folds highly
similar to natural proteins from the same family (Extended DataFig. 3),
indicating they may be functional.

LMs generate diverse type Il effectors

Although many CRISPR-Cas proteins have been leveraged for genome
editing??%, Cas9 remains the most widely used. To generate new
Cas9-like sequences, we prompted the CRISPR-Cas model with 50
residues fromthe N or C terminus of Cas9s sampled from the CRISPR-
Cas Atlas. However, only 27.6% of these prompted generations survived
our strict sequence viability filters. To more efficiently and accurately
generate viable Cas9-like sequences, we fine-tuned another LM using
only the 238,913 Cas9 sequences from the CRISPR-Cas Atlas (Fig. 1aand
Extended DataFig.1). This model produced viable Cas9-like sequences
at twice the rate of the CRISPR-Cas model (54.2%; Supplementary
Fig.3a) and did not require any prompting.

To explore the latent sequence distribution of type Il effectors, we
used the Cas9 model to generate1 million Cas9 proteins. Theresulting
viable generations (n = 542,042) were clustered together with natural
Cas9s at 40%ID and used as input to construct amaximum-likelihood
phylogenetic tree (Fig. 2a). The resulting landscape was dominated
by generated proteins, which made up 94.1% of the total phylogenetic
diversity (as measured by cumulative branchlength) and resultedina
10.3-fold increase in diversity relative to the entire CRISPR-Cas Atlas
(Fig. 2b). New phylogenetic groups were distributed across the tree,
indicating that the model has captured the known natural diversity
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of Cas9 and is not overfitting to any particular lineage. Generated
sequences diverged from the CRISPR-Cas Atlas, with an average
identity of only 56.8% to any natural sequence (Fig. 2c). Further, we
foundthat the generated proteins displayed cumulative identity trends
similar to natural Cas9s (Extended DataFig. 4), indicating that the chi-
mericnovelty produced by the LM was similar in form to what would be
expected from discovery of new natural Cas9s. Although the number of
generated proteinsis large, the number of new clusters does not seem
to have saturated (Supplementary Fig. 3b), indicating that many more
Cas9-like proteins could be generated. Next, we analysed the phyloge-
netic distribution of Cas9 orthologues that have been biochemically
characterized’ or used as genome editors®. We observed considerable
diversity of generated proteins in the vicinity of these characterized
orthologues, indicating that the modelis capable of generating proteins
with a variety of functional properties.

Tofurther assess the viability of the generated proteins, we compared
thesequencelengths of generated and natural sequences (Fig.2d and
Supplementary Fig. 3c). Overall, generated sequences closely matched
the length of natural proteins from the same protein cluster, with a
Pearson correlation of 0.97 (Fig. 2d). To assess the structural viability
of generated Cas9-like proteins, we used AlphaFold2 (ref. 30) to predict
the structures of 5,000 generated and 5,000 natural sequences, with
one sequence each being selected randomly from the largest 70%ID
protein clusters among each group. Most structures were predicted
confidently (with 99.4% having mean pLDDT above 80), including for
Cas9-like proteins with aslow as 60%ID to any natural protein (Extended
Data Fig. 5a), and showed significant overlap with experimentally
determined structures from the Protein Data Bank (Extended Data
Fig. 5b). By aligning the structures against curated families from the
SCOPe database®, we confirmed the presence of core Cas9 domains
in most generated proteins and at a similar rate as naturals (Fig. 2e).
This included the HNH and RuvC nuclease domains (100% and 52.1%,
respectively), which are responsible for DNA cleavage, as well as the
PAM-interacting domain (PID; 92.9%) and target recognition (REC)
lobe (99.9%) (Fig. 2e). Although RuvCis a conserved and essential Cas9
domain, its detection may be underestimated because of difficulty in
identifyingits short, split subdomains. This structural and functional
completeness extended to even the most divergent proteins, includ-
ing a subset that belonged to 30%ID clusters composed entirely of
generated proteins. One such protein had a predicted structure resem-
bling NmelCas9 (template modelling score 0.71) despite sharing only
25.8%ID to NmelCas9 and a maximum of 39.2%ID to any proteininthe
CRISPR~-Cas Atlas (Fig. 2f).

Type ll systems are also dependent on a guide RNA (gRNA) that is
required for target recognition and cleavage. The gRNA is composed
of a targeting RNA sequence (spacer), CRISPR RNA (crRNA) repeat
and tracrRNA. The tracrRNA and crRNA components are typically
derived from natural systems, and the spacer sequence is programmed
to match the target DNA site for gene editing applications. From the
CRISPR-Cas Atlas, we collected 112,212 type Il effector proteins for
which we could confidently identify, orient and align the correspond-
ing crRNA and tracrRNA sequences. These data were used to traina
sequence-to-sequence gRNA model that conditionally generates crRNA
and tracrRNA sequences for agiven protein (Fig. 1a). As aninitial valida-
tion of the gRNA model, we designed ten gRNAs for aset of effector pro-
teins previously used as genome editors (Fig. 2g). Each of the designed
gRNAs, as well as the natural gRNAs from metagenome mining, were
formatted into single-guide RNAs (sgRNAs) and embedded according
totheir pairwise edit distances with ¢-distributed stochastic neighbour
embedding®. We observed that the model-designed sgRNAs were most
similar to the naturally derived sgRNAs for each protein (Fig. 2h). As
further validation, we found crRNA:tracrRNA pairs often formed the
canonical duplex (Supplementary Fig. 4) and that the model could
accurately predict the compatibility of sgRNAs between diverse Cas9
orthologues (Extended Data Fig. 6). Together, these results indicate
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Fig.2|LMs generate complete typell effector systems. a, Phylogenetic tree
of naturaland generated proteins clustered at 40%ID (n =15,340 cluster
representatives). Biochemically characterized Cas9s fromref.7 are labelled,
and Cas9 proteins used as genome editors are showninbold®. Lineages are
colouredblackifthey containany natural protein or greenif they are exclusively
represented by generated proteins. b, Pie chartindicates the percent of
phylogeneticdiversity represented by natural or generated proteins. Phylogenetic
diversity was calculated as the cumulative branchlength of subtrees represented
by agivensetofsequences.c, Distribution of the identity of generated Cas9 to
the nearest proteinin the CRISPR-Cas Atlas.d, Comparison of proteinlength
between natural and generated proteinsin the same 50%ID clusters. e, Fraction
of generated and natural Cas9 proteins containing key functional domains

that the model can be used to generate functional sgRNAs for gener-
ated Cas9-like proteins.

Designed editors function in human cells

To generate Cas9-like proteins for experimental characterization, we
used a constrained generation strategy wherein we prompted the LM
fine-tuned on Cas9 proteins using either the N-terminal segment or
the C-terminal PID of SpCas9 (Supplementary Fig. 5). In doing so, we
reasoned that the generated sequences would maintain compatibility
with both the PAM and sgRNA preferences of SpCas9, facilitating direct
comparison of protein activity across the same genomic targets with
the same sgRNA. Intotal, we generated 200,000 and 150,000 Cas9-like
proteins prompted by the N-terminal segments and C-terminal PIDs,
respectively. From this set, we selected 82 SpCas9 PID-conditioned
sequences and 127 fully generated sequences, created by combining
our generated N-terminal segments and PID domains, on the basis of
an average of pretrained and Cas9-fine-tuned LM log likelihoods and
auxiliary predictors of compatibility with SpCas9’s PAM and tracrRNA.
Intotal, we selected 209 Cas9-like proteins for subsequent functional
analysis in human cells (Fig. 3a).

We next set out to explore whether our Cas9-like proteins were able
to mediate genome editing in human cells. We tested 209 sequences
by cotransfecting HEK293T cells with nuclease plasmids and SpCas9
sgRNA plasmids, targeting one of three previously characterized

Fraction of Cas9 proteins with domain

accordingtostructural searches with Foldseek against SCOPe families. In total,
79.2% and 48.2% of natural and generated proteins were functionally complete,
respectively.f, Predicted structure for new Cas9-like protein selected froma
30%ID cluster with 423 members composed entirely of generated sequences.
Despite high sequence novelty (39.2%ID to CRISPR-Cas Atlas), the predicted
structure bearsstructural resemblance to NmelCas9 (Protein Data Bank ID
6JE9, template modelling score (TM-score) = 0.72). g, Naturally occurring and
generated crRNAs and tracrRNAs were obtained for aset of teneffector proteins.
h, sgRNAswere formed from RNA components and embedded into atwo-
dimensional space by t-distributed stochastic neighbour embedding® according
tothe pairwise edit distances. Each pointrepresents an sgRNA sequence, with
colours correspondingtosource protein. Tree scale bar, 1.0.

target sites and inferred DNA repair outcomes after three days using a
Sanger-sequencing-based method®. Across all three sites, we observed
awiderange of editing efficiencies, with a subset of Cas9-like proteins
showingactivity on par with or higher than SpCas9 (Fig. 3b). In contrast
with the edit distance to SpCas9, LM scores were highly predictive of
enzyme activity, separating active and inactive enzymes at the HEK3
target site with an area under the receiver operating characteristic
curve value of 0.83 (Supplementary Fig. 6). Among the set of active
nucleases, we observed significant sequence deviation from SpCas9
and the nearest natural proteins in the CRISPR-Cas Atlas (Fig. 3c).
For further characterization, we next selected 48 Cas9-like pro-
teins that were fully generated (both N- and C-terminal domains), dis-
played moderate or highinsertion and deletion (indel) rates across
one or more sites and were substantially different from any natural or
engineered enzyme in patent databases (lens.org) (Fig. 3a). This set
comprised five distinct clusters at 90%ID, with each protein sharing
77.5-87.1%ID to the nearest natural Cas9.Ineach cluster, the generated
proteins were between one and 40 mutations from any other (median
seven mutations). We assayed the editing efficiency and specificity of
these 48 proteins across a panel of previously characterized SpCas9
on- and off-target sites (n =5 and n =15, respectively)*** alongside
SpCas9. Nuclease- and sgRNA-expressing plasmids were cotrans-
fected in HEK293T cells, and DNA repair outcomes were measured
after three days using next-generation sequencing of amplicons (NGS).
We observed both high editing efficiency and specificity with many
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Fig.3|Generated nucleases function as gene editorsin human cells.

a, Phylogenetic tree of natural Cas9 proteins, ancestral reconstructions and
generated effector proteins near SpCas9. Annotations surrounding the tree
indicate selection criteria used toidentify 48 generated proteins for further
characterization. b, Editing efficiency (indel rate relative to SpCas9) of 209
generated proteinsacross three target sites: HEK3 (i), HEK2 (ii) and CD3G_1 (iii).
Sequences areordered accordingtorelative indel rates, with the number of
sequences showingactivity and surpassing SpCas9 indicated on the x axis.

¢, Mutational Levenshtein distances from the nearest natural proteinin the
CRISPR-Cas Atlasand SpCas9 for 131 generated proteins with observed editing
activity. The Levenshtein distance is the minimal number of edits between two
sequences, including substitutions, insertions and deletions. d, On-and

of our generated nucleases (Fig. 3d), with some even outperforming
SpCas9.

To contextualize the performance of our language-modelling strat-
egy for designing Cas9-like proteins, we also tested a set of natural and
designed proteins with similar levels of sequence novelty with respect
to SpCas9 (Supplementary Fig. 7). Natural sequences (ten total) with
between 57%ID and 71%ID to SpCas9 between were identified from the
CRISPR~-Cas Atlas and UniRef100. For alternative design approaches,
we considered sequences from evolutionary methods (14 total from
consensus sequence design, hidden Markov model (HMM) emission®®
and arDCA*) and structure-based methods (five from LigandMPNN";
Supplementary Fig. 8). Finally, we included nine sequences from the
literature, including four high-fidelity SpCas9 variants® and five SpCas9
ancestral reconstructions®, To facilitate testing at common NGG PAM
target sites, we replaced the PID of all comparison sequences with that
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off-target editing efficiency for SpCas9 and 48 generated proteins. Points
correspond to on-or off-target editing at five sites (AAVs1, FANCF, HEK2, HEK3,
VEGFA; with three offtargets per site). Barsreflect the median of allon-and
off-target editing. e, On- and off-target editing efficiency for natural Cas9s,
high-fidelity variants, chimeric sequences, consensus designs, ancestral
reconstructions (rec.), HMM emissions, arDCA designs, LigandMPNN designs
and generated proteins from this work. Each point represents the average on-
or off-target editing at five sites (with three off targets per site) for asingle
protein.f, Genome-wide off-target analysis using SITE-Seq, measured at four
enzyme concentrations. Points represent the percentage of total cleavage
events for each guide that occurred at on-target sites. Bars represent the
medianacrosssites. Tree scalebar, 1.0.

of SpCas9 except literature-reported variants, which already target
NGG PAMs. These 43 sequences were tested alongside five generated
proteins at the same set of on- and off-target sites as the broader panel
of generated proteins (Fig. 3e and Extended Data Fig. 7). For natural
proteins, we observed arange of activity levels, with most being consid-
erably less active than SpCas9. One natural protein, Streptococcus uberis
Cas9, displayed high on-target activity and reduced off targets at these
sites, reflecting the practical utility of mining natural sequence diversity
touncover highly functional nucleases. Among the evolutionary-based
design strategies, we observed ageneral trend towards lower success
rates as methods became more expressive. The most highly active
sequences came from consensus design, followed by ancestral recon-
structionand chimeric design, whereas sequences from HMM emission
and arDCA were largely inactive. Our language-modelling-based
strategy stands in contrast to this trend, yielding many highly active



proteins despite being less conservative than methods like consensus
design. Finally, for the structure-based designs from LigandMPNN, we
observed no activity, probably owing to the method’s dependence on
static structures and lack of evolutionary constraints on the complex
requisite functions of Cas9 proteins.

Our top hit, PF-CAS-182, displayed levels of activity comparable to
SpCas9 at on-target sites (median indel rates of 56.4% versus 47.1%)
while having a 95% reduction in editing at known SpCas9 off-target
sites (median indel rates of 0.32% versus 6.1%). Based on its compel-
ling performance, we nominated PF-CAS-182 as the OpenCRISPR-1
protein. To obtain an unbiased estimate of genome-wide off-target
activity, we purified OpenCRISPR-1 and SpCas9 proteins and used
these as input to SITE-Seq using the same five gRNA used in Fig. 3e
(AAVsl, HEK2, HEK3, FANCF and VEGFA) at four different ribonu-
cleoprotein concentrations. Consistent with our initial cell-based
analysis, we observed that a substantially higher proportion of cleav-
age events occurred at on-target sites for OpenCRISPR-1 compared
to SpCas9 across all ribonucleoprotein concentrations and gRNAs
tested (Fig. 3f). Importantly, the OpenCRISPR-1 off targets were a
subset of the SpyCas9 off targets (Extended Data Fig. 8), strongly
indicating that OpenCRISPR-1 does not generate new cleavage pat-
terns. OpenCRISPR-1did not share any mutations with eight previously
engineered high-fidelity Cas9 variants¥, indicating that this enzyme
achieves alow off-target profile by means of adistinct set of molecular
interactions.

OpenCRISPR-1lacked previously identified immunodominant and
subdominant SpCas9 T cell epitopes for HLA-A*02:01, indicating that
itmay be lessimmunogenic than SpCas9® (Supplementary Fig.9). To
test this hypothesis, we performed an iELISA to measure the amount
of human antibody bound to OpenCRISPR-1and two other generated
proteins (PF-CAS-151 and PF-CAS-189) (Extended Data Fig. 9). Plates
were coated with 1 ug ml™ protein concentrations, and serum sam-
ples from 40 healthy donors were diluted from 100-fold to 1,600-fold.
iELISA quantification showed lowerimmunogenicity for all generated
Cas9-like proteins compared to SpCas9 at one or more dilution levels.
These results indicate that proteins designed with machine learning
have the potential to be less immunogenic than pathogen-derived
genome editors such as SpCas9.

OpenCRISPR-1 was 1,380 residues in length and considerably
diverged from both SpCas9 (403 mutations) and any natural protein
inthe CRISPR-Cas Atlas (182 mutations). Alignment to NCBI-nr showed
top hits to proteins from several Streptococcus spp. (Streptococcuscris-
tatus, S. pyogenes and Streptococcus sanguinis), but none exceeding a
sequenceidentity of 86.3%. Taken together, these three natural Cas9s
yielded a cumulative identity of 98.3% for OpenCRISPR-1, in line with
what would be expected for aprotein with 80-90%ID to the nearest nat-
ural (Supplementary Fig.10). Template-based AlphaFold2 (ref.30) pre-
dictions of the catalytic state*® of OpenCRISPR-1illustrated that most of
the mutations were concentrated at the solvent-exposed surface of the
protein, with only afraction located at the protein—-nucleic acid inter-
face (Extended DataFig.10a,b). Most critical nucleic-acid-coordinating
residues and nuclease-site components were preserved, demonstrat-
ing the capability of the model to accurately constrain all necessary
catalytic and interaction sites (Supplementary Table 1). In addition
to point mutations, OpenCRISPR-1 contained two loop insertions in
the REC1 and HNH domains. The function of these inserts remains
unknown; however, the nine-residue positively chargedinsertioninthe
REC1 domain may interact with the phosphate backbone of both the
repeat:anti-repeat segment of the gRNA and the PAM-proximal region
ofthe target DNA (Extended Data Fig.10c). Thisinsertion is analogous
tosequence graftings of positively charged loops between natural Cas9
orthologues toboost activity*. The four-residue insertion in the HNH
domainiscompatible with all the experimentally elucidated catalytic
states*®and may have arole instabilizing the cleavage checkpoint state
(Extended Data Fig.10d).

Tomore thoroughly characterize OpenCRISPR-1, we used a cell-based
assay with NGS measurement of indel rates to screen 98 previously
characterized SpCas9 target sites harbouring either NGG or non-NGG
PAMs"™*? (Supplementary Table 3). After quality control, we were
able to characterize nuclease performance at 92 of these sites (NGG
PAMs, n=49; non-NGG PAMs n = 43). Our measurements of activity
for SpCas9 at these targets were moderately below reported levels®,
probably owingtothe transfection efficiency observed fromlipofection
(Supplementary Fig.11). Inagreement with our previous experiment,
OpenCRISPR-1displayed comparable levels of on-target activity across
sitesbearing the NGG PAM (Fig.4a,b) and resulted in a similar distribu-
tion of DNA repair outcomes (Supplementary Fig. 12). Interestingly,
OpenCRISPR-1exhibited several-fold reductioninactivity at genomic
sites bearing a mismatch in the PAM (two-sided Wilcoxon rank sum
Pvalue =0.0005) (Fig. 4c). These results indicate that OpenCRISPR-1
has activity comparable to SpCas9 at on-target sites while avoiding
double-strand breaks at sites with mismatches in either the PAM or
target regions.

Next, we investigated whether OpenCRISPR-1 could be usedina
base editing system. Base editors have emerged as powerful systems
for modifying single nucleotides in the genome without the complica-
tions of generating double-strand breaks. We converted OpenCRISPR-1
to a putative target-strand nickase (containing DI0A mutation) and
fused it to a previously engineered adenosine deaminase (ABE8.20)
commonly used in base editing*® (Fig. 4d). We tested for editing in
HEK293T cells using plasmid delivery, with sgRNAs targeting three
genomic loci containing adenines in the editing window (that is, posi-
tion 3-9 in the spacer). We observed robust A-to-G conversion with
the OpenCRISPR-1base editor onall three target sites (35-60% editing
rate), which was comparable to an ABE8.20 base editor system using
SpCas9 nickase (Fig.4e) and without resulting inindel formation (Sup-
plementary Fig.13).

We next set out to engineer a fully synthetic base editor system,
including the deaminase domain. Towards this goal, we trained models
based on TadA-like proteins from UniProtKB** and BFD* and generated
aseries of syntheticadenine deaminases with 55-80%ID to any known
natural deaminase, including both engineered variants and the Escheri-
chiacoli TadA fromwhich these variants were evolved***. Initial screen-
ing experiments with SpCas9 nickase showed that a subset of generated
deaminases were active at several targets in the human genome (Sup-
plementary Fig.14). We then tested two of our most active deaminases
(PF-DEAM-1and PF-DEAM-2) fused to the N terminus of either SpCas9
or OpenCRISPR-1nickases. Our generated deaminases showed A-to-G
editing levels comparable to ABE8.20 with both nickase scaffolds while
producing minimal bystander edits (Supplementary Fig.15). Similarly
narrow editing windows were observed in early adenine base editors
evolved from ecTadA through directed evolution® but were eventually
traded for overall activity in later rounds of selection®?.

Although all of the experiments up to this point had used the
SpCas9 sgRNA scaffold, we reasoned that this might not be optimal for
OpenCRISPR-1and other generated Cas9-like proteins, which contained
hundreds of mutations that could potentially disrupt RNA interactions.
Using the gRNA model described previously, we designed 14 gener-
ated sgRNAs for each of five generated Cas9-like proteins (including
OpenCRISPR-1) and tested for editing in HEK293T cells at one target
site (HEK3). Generated sgRNA sequences exhibited high sequence
conservation compared to SpCas9’s sgRNA (Supplementary Fig. 16),
with most mutations occurring in flexible regions of the secondary
structure (for example, loops or linker regions). Overall, we observed
enhanced editing with 31 designed sgRNAs relative to SpCas9’s sgRNA
(Fig. 4f), including significantimprovements for four sgRNAs for two
of five variants (Fig. 4g). To confirm these findings, we conducted a
similar editing experiment using two generated proteins at two more
sites, again finding comparable editing with most designed sgRNAs
and asmall number yielding statistically significantimprovements to
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Fig.4|Characterization of OpenCRISPR-1across PAMs, guidesand base
editing. a,b, On-target editing efficiency (indel formation) of OpenCRISPR-1
(OC-1) protein at NGG (n =49) and non-NGG PAMs (n = 43) (a). OpenCRISPR-1
exhibits comparable activity at targets withan NGG PAM but lower editing at
siteslackingan NGG PAM (b). c, Relative activity of SpCas9 to OpenCRISPR-1
acrosssites with different PAMs (NGG, n=49;NGC,n=11;NGT,n=10; NGA,
n=10;NAG,n=9;NTG,n=2;NCG,n=1).d, Adenine base editors were created
by attaching deaminase domains to the N terminus of OpenCRISPR-1and
SpCas9 nickase variants (D10A mutation for both proteins). e, Adenine base
editing efficiency (A-to-G) at three target sites: HEK2 (i), T39 (ii), CD3G_1 (iii).

editing (Supplementary Fig. 17g,h). Designed sgRNAs were generally
compatible with SpCas9, but only one showed significant improve-
mentsin editing efficiency (Supplementary Fig.17d-f). We found that
OpenCRISPR-1, which had shown consistently high editing efficiency
in previous experiments, performed similarly with a designed sgRNA
or SpCas9’s sgRNA. These results indicate that this generated protein
may be applicable either as part of a fully generated gene editor or as
adrop-inreplacement for SpCas9 in existing editing systems.

Discussion

Geneediting technologies adapted from natural prokaryotic antiviral
systems have enabled precise, programmable manipulation of genetic
material across research, therapeutic and industrial applications.
Although evolution has created a massive diversity of CRISPR-Cas
proteins, identifying the best natural protein foragiven application (if
itexists) remainsaprincipal bottleneckin the design of more advanced
gene editing systems. Generative LMs for DNA*® or proteins? offer an
alternative paradigm wherein models learn from natural diversity and
canbesteered towards the most promising regions of sequence space.
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ABES8.20isahighly active deaminase from directed evolution, whereas PF-
DEAM-1and PF-DEAM-2 were generated from LMs. Across all target sites and
with distinct deaminases, OpenCRISPR-1nickase shows compatibility with
baseediting.f, Editing efficiency at HEK3 target site with designed sgRNAs
(green) and SpCas9’s sgRNA (grey). Four of five generated proteins displayed
increased editing efficiency with design sgRNAs. g, Change in editing efficiency
compared to SpCas9’s sgRNA. The majority of designed sgRNAs yield
performance thatis notsignificantly different from SpCas9’s guide, whereas
asubset either significantly improves or worsens editing efficiency (¢-test
Pvalue<0.05).

This approach allows us to diversify existing lineages of interest or
explore regions of sequence space that were not visited by evolution. In
this work, we focused on generating type Il effectorsin the phylogenetic
neighbourhood of SpCas9, ultimately yielding the OpenCRISPR-1 edit-
ing system. Our results indicate that OpenCRISPR-1 may provide aviable
alternative to SpCas9 for use in gene editing technologies, with similar
editing behaviour and compatibility with systems like base editing. In
the future, it willbe important to examine OpenCRISPR-1activity across
arange of experimental conditions, cell types and delivery methods
to more thoroughly characterize robustness'*"*,

As part of this work, we curated the CRISPR-Cas Atlas—a large
resource of CRISPR systems. Datasets like the CRISPR-Cas Atlas are
critical for refining the general learnings of pretrained protein LMs
into a functional blueprint for design. Although we focused primar-
ily on type Il effector proteins, our exploratory results indicate that
effectors fromother Class 2 systems (for example, Cas12a, Cas12f and
Casl3) may be amenable to the same approach. In some cases, these
alternative systems have unique properties that would benefit gene
editing applications (for example, reduced size of Cas12for RNA inter-
ference of Cas13). Aside from fine-tuning protein LMs for generation,



we envision that the CRISPR-Cas Atlas could be used to model specific
properties of gene editors, such as nuclease size, PAM preference,
tracrRNA compatibility, thermostability or temperature-dependent
activity. Forinstance, amodel to predict PAM preference could enable
efficient engineering of target- or allele-specific editors. The capabil-
ity of generative LMs to produce diverse, highly functional nuclease
proteins, as demonstrated in this work, provides a foundation from
which to pursue these fit-for-purpose editors.

Computational protein design has advanced considerably inrecent
yearswith the development of increasingly sophisticated deep learning
algorithms. These improvements have been achieved throughintegra-
tion of more powerful tools into design pipelines that have remained
largely unchanged*®. Specifically, the design of protein function typi-
cally begins with an explicit structural hypothesis that is translated
into a set of constraints to guide a search for satisfying sequences®.
This approach has largely reduced some design problems, such as
denovo design of protein binders*, to practice. However, for the design
of complex functions as embodied by the gene editors in this work,
structure-based approaches do not offer astraightforward solution. By
contrast, LMs provide animplicit means of modelling protein function
(and thus structure) through sequence alone™,
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Allsequences, aside from those generated by language models, had their
PAM-interacting domain fixed to match that of SpCas9 to facilitate comparison
atthesametargetsites.S. cristatus Cas9, the closest natural protein to
OpenCRISPR-1, was only tested as aN626S point mutant, which may not have
thesamelevel of activity as the wild type sequence. The wild type sequence
couldnotbecloned.
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Extended DataFig.9|Generated Cas9-like proteins are lessimmunogenic
thanSpCas9.iELISA antibody quantification values indicate raw OD450nm
values showing the amount of bound human antibody to each Cas9 protein.
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complexwith the sgRNA and DNA. a) Structural model of OpenCRISPR-1 effector
complexincatalyticstate. Insertionsinthe HNH and REC1domains with
potential functional implications are highlighted. b) Analysis of OpenCRISPR-1
mutational distribution relative to SpCas9 according to residue burial (top)
and whetheraresidueisin contact (<4.0 A) with nucleic acids (bottom).

Mutation type (o
none mMconserved mmichanged

1.0 7
p=1.84E-1
0.8
0.6
0.4 1

0.2 1

0.0 -
Buried Exposed
Residue Burial d
1.0 4 p=6.13E-6
0.8 A
0.6
0.4 4

0.2 1

0.0 -

False True SpCas9 checkpoint state (PDB: 7Z4L)
Nucleic acid contact OpenCRISPR-1

Residue burial was not asignificant determinant of mutational distribution,
while nucleic-acid contacting residues were significantly depleted in mutations
(chi-squared contingency test, p < 0.05). c) Nine-residue positively charged
insertioninthe REC1domain of OpenCRISPR-1, whichintroduces stabilizing
interactions with the phosphate backbone of the guide RNA’s repeat:anti-
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insertioninthe HNH domain of OpenCRISPR-1modeled in the checkpoint state
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For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

>
Q
]
(e
D
©
O
3
S
S
T
o
(@)
=
>
«Q
wm
(e
3
3
Q
A




Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The CRISPR-Cas Atlas and associated code are available at https://github.com/Profluent-Al/CRISPR-Cas-Atlas. All data used to create the CRISPR-Cas Atlas are
available in their original form via the IMG/M, ENA, and NCBI databases. The OpenCRISPR-1 protein and guide RNA sequences are provided at https://github.com/
Profluent-Al/OpenCRISPR. The OpenCRISPR-1 enzyme and corresponding guide plasmids have been deposited to the Addgene plasmid repository (IDs 221565,
221566, 221567; https://www.addgene.org/browse/article/28248130/). Plasmid maps and full plasmid sequence data are available there.

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Not applicable to the current study.

Reporting on race, ethnicity, or Not applicable to the current study.
other socially relevant groupings

Population characteristics Not applicable to the current study.
Recruitment Not applicable to the current study.
Ethics oversight Not applicable to the current study.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

E] Life sciences D Behavioural & social sciences D Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size Data mining from public genomic and metagenomic databases uncovered 5,100,022 CRISPR-Cas proteins.
Using ProGen2 model fine-tuned on CRISPR-Cas sequences we generated 4,000,000 novel CRISPR-Cas-like proteins. Using ProGen2 model
fine-tuned on Cas9 only we generated 1,000,000 novel Cas9-like sequences. Sample sizes for sequence generation were chosen based on
computational costs.
209 Cas9-like proteins were for HEK293T genome editing experiments. Sample sizes for experimental characterization were chosen based on
laboratory bandwidth.

Data exclusions Generated sequences were excluded on basis of sequence clustering, sequence similarity, and language model perplexity.
Replication Gene editing experiments in HEK293T cells for indel formation and base editing were performed in triplicates. All attempts at replication were
successful.

SITE-Seq experiments were run at four RNP concentrations and five targets. Data were consistent across conditions.
Indirect ELISA experiments were run with serum samples from 40 healthy donors.

Randomization For each tier of assays, either all samples were tested together as a single experimental group or samples were randomly assigned to different
experimental groups and comparable performance across groups was determined using normalization controls.

Blinding Analyses in this manuscript were not blinded, as no live animals or human subjects were involved. Blinding is not standard practice for the
presented in vitro experiments. In silico analyses were automated, no user intervention could introduce bias. Lastly, due to the high
throughput nature of these experiments, batches of samples containing mixtures of sample types were all processed in parallel using
automated laboratory equipment, which should ensure comparable handling across samples regardless of identity.
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We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies IE D ChIP-seq
Eukaryotic cell lines IZI I:] Flow cytometry
Palaeontology and archaeology IZ] I:] MRI-based neuroimaging

Animals and other organisms
Clinical data
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Antibodies

Antibodies used RayBiotech goat anti-human IgG (polyclonal), specific to IgG, F(ab’)2 fragment, purified from antisera by immunoaffinity
chromatography
Validation No signal detected in serum-free negative control samples.

Eukaryotic cell lines

Policy information about cell lines and Sex and Gender in Research

Cell line source(s) HEK293T cells were obtained from ATCC.
Authentication The cell lines used were not authenticated.
Mycoplasma contamination HEK293T cells were verified to not conatain mycoplasma by ATCC. No follow up mycoplasma testing was performed.

Commonly misidentified lines  No commonly misidentified cell lines were used in this study.
(See ICLAC register)

Plants
Seed stocks Not applicable to the current study.
Novel plant genotypes Not applicable to the current study.

Authentication Not applicable to the current study.
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