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Uncovering Cas9 PAM diversity through
metagenomic mining and machine learning

Tao Fang1,5, Lea Bogensperger2,5, Lilith Feer2, Ahmed Allam 2,
Valentyn Bezshapkin3, Zsolt Balázs 2, Christian von Mering4,
Shinichi Sunagawa 3, Michael Krauthammer 2 & Gerald Schwank 1

Recognition of protospacer adjacent motifs (PAMs) is crucial for target site
recognition by CRISPR–Cas systems. In genome editing applications, the
requirement for specific PAM sequences at the target locus imposes sub-
stantial constraints, driving efforts to search for novel Cas9 orthologs with
extendedor alternative PAMcompatibilities. Here,wepresentCRISPR-PAMdb,
a comprehensive and publicly accessible database compiling Cas9 protein
sequences from 3.8 million bacterial and archaeal genomes and PAM profiles
from 7.4 million phage and plasmid sequences. Through spacer–protospacer
alignment, we infer consensus PAM preferences for 8003 unique Cas9 clus-
ters. To extend PAM discovery beyond traditional alignment-based approa-
ches, we develop CICERO, a machine learning model predicting PAM
preferences directly from Cas9 protein sequences. Built on the ESM2 protein
language model and trained on the CRISPR–PAMdb database, CICERO
achieves an average cosine similarity of 0.69 on test data and 0.75 on
experimentally validated Cas9 orthologs. For Cas9 clusters where alignment-
based predictions are infeasible, CICERO generates PAM profiles for an addi-
tional 50,308Cas9 proteins, including 17,453 high-confidence predictionswith
CICERO confidence scores above 0.8. Together, CRISPR–PAMdb and CICERO
enable large-scale exploration of PAM diversity across Cas9 proteins, accel-
erating design of next-generation CRISPR-Cas9 tools for precise genome
engineering.

CRISPR–Cas systems, which provide adaptive immunity in prokar-
yotes, have been repurposed as powerful tools for modern genome
editing. In CRISPR-Cas systems, such as type II (Cas9) and type V
(Cas12), the recognition of protospacer adjacent motifs (PAMs)—short
DNA sequences (usually 2–6 bases) adjacent to the target site—is cri-
tical. The PAM acts as amolecular signal, enabling Cas proteins to bind
specific DNA sequences and distinguish between self and non-self
DNA, thus preventing unintended cleavage of the host genome. Upon
PAM recognition, Cas unwinds adjacent double-stranded DNA,

allowing R-loop formation where the CRISPR RNA (crRNA) pairs with
the target strand. If the crRNA spacer exhibits sufficient com-
plementarity to the target sequence—particularly in the seed region—
Cas-mediated DNA cleavage is initiated1–4.

While critical for precision, PAM recognition imposes a major
constraint on CRISPR-Cas systems by limiting the range of targetable
genomic sites. This restriction presents a significant challenge for
genome editing, particularly in therapeutic contexts where flexible
targeting is crucial for treating diverse genetic disorders5. Expanding
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PAM diversity, either through protein engineering or the discovery of
natural Cas proteins with novel PAM specificities, is therefore a key
priority for increasing the versatility and effectiveness of CRISPR-Cas
technologies6–8.

To uncover new CRISPR–Cas systems with novel PAM specifi-
cities, several studies have developed large-scale computational fra-
meworks to infer PAM motifs from metagenomic data. Ciciani et al.
established an automated pipeline that extracted and oriented CRISPR
spacers, aligned them to viral and plasmid genomes, and identified
conserved flanking motifs, generating one of the first large-scale
bioinformatically inferred PAM catalogs for Cas9 orthologs9. Building
on similar principles, Ruffolo et al.10 and Nayfach et al.11 applied related
spacer–protospacer alignment strategies to vastly expanded metage-
nomic resources, reportedly inferring tens of thousands of PAMmotifs
across Cas8, Cas9, and Cas12 families. However, none of these studies
provides publicly accessible datasets that link individual Cas proteins
to their inferred PAM preferences. Consequently, despite their con-
ceptual and technical advances, these resources cannot yet be used to
identify or engineer Cas9 variants with defined PAM recognition pro-
files, or to train and benchmark machine learning models that relate
Cas9 sequences to PAM specificity.

To address this gap, we introduce CRISPR-PAMdb, a publicly
available, curated database of Cas9 protein sequences and their
inferred PAMs, derived from mining over 3.8 million bacterial and
archaeal genomes and more than 7.4 million phage and plasmid
sequences. Inferred PAMs are associated with individual Cas9 proteins
by aligning CRISPR spacers to protospacers within phage and plasmid
sequences, followed by the extraction of consensus PAM sequences.
Furthermore, we present CICERO (CRISPR Cas9 PAM predictor
model), a machine learning model that is trained on the CRISPR-
PAMdb database and capable of predicting PAM preferences directly
from Cas9 protein sequences using an ESM2 protein language model
backbone12. By providing these resources and the accompanying
pipelines,we aim to facilitate broader exploration of theCas9 family to
accelerate rational design of next-generation genome-editing tools
with alternative PAM preferences.

Results
Alignment-based pipeline for CRISPR-Cas9 system mining and
PAM inference
We first developed a computational pipeline (Fig. 1a and “Methods”
section) to systematicallymineCRISPR-Cas systems frombacterial and
archaeal (meta)genomes, along with their associated protospacers
fromphage andplasmid sequences.Due to computational constraints,
we focused our analysis on CRISPR-Cas9 systems, although the pipe-
line is readily adaptable and could also be retrained on other CRISPR-
Cas systems, such as CRISPR-Cas12. The only required modifications
are the use of Hidden Markov Models specific to the target effector
family and selection of consensus PAM motifs from either the
upstream or downstream region of mapped protospacers, depending
on the orientation of the specific CRISPR system (See Methods for
details).

The pipeline first retrieved 3,747,151 bacterial and archaeal gen-
omes from the mOTUs4 database, consisting of isolate genomes, sin-
gle amplified genomes, and metagenome-assembled genomes13, and
an additional 25,371 archaeal genomes from the European Nucleotide
Archive (ENA)14. From these, we identified CRISPR arrays, including
repeat and spacer sequences, and flanking protein-coding genes.
These genes were subsequently screened using curated Cas hidden
Markov models15, resulting in the identification of 21,265,037 Cas
proteins and 430,685 Cas9 proteins. Based on the taxonomy infor-
mation from mOTUs4, Cas proteins were identified in 1,658,140 bac-
terial genomes, of which 335,447 (20%) contain Cas9 proteins. In
contrast, among the 23,352 archaeal genomes with Cas proteins, only
429 contain Cas9 proteins (Fig. 1b), consistent with previous

observations of Cas9 rarity in archaea. This scarcity may reflect lower
viral pressure in archaeal environments, potentially favoring alter-
native defense mechanisms. Alternatively, it might stem from higher
fitness costs of maintaining Cas9 in energy-limited or extreme
environments16–20.

To identify the protospacer adjacent motifs (PAMs) associated
with the Cas9 family, we grouped crRNAs (spacers) from 62,542 Cas9
protein clusters sharing ≥98% sequence identity. Among these, 31,190
clusters contained more than 10 spacers. For 21,137 of them, we suc-
cessfully mapped protospacers within 7,413,108 phage and plasmid
sequences derived from a comprehensive collection of mobile genetic
elements, including plasmid sequences from IMG-PR21, phage
sequences from IMG-VR22, and additional phage sequences from an
expanded collection compiled from other studies (see “Methods”
section for details; Supplementary Data 1). Importantly, the alignment
of spacers to their corresponding protospacers allowed us to infer
PAM preferences for 8003 Cas9 clusters using PAMpredict9 (Fig. 1c);
we term this resource CRISPR-PAMdb. Of note, the accuracy of
spacer–protospacer-based PAM inference strongly depends on the
availability of unique protospacers in phage sequences. We therefore
evaluated the contribution of our collected mobile genetic elements
database compared to the commonly used viral genome database,
IMG-VR22. Interestingly, we found that over half of the mapped pro-
tospacerswere unique to themobile genetic elements dataset (Fig. 1d),
highlighting the importance of expanding reference datasets for PAM
discovery and suggesting limitations in the reliance on IMG-VR and
IMG-PR as standard references.

To validate the accuracy of ourmining pipeline, wefirst compared
the inferred PAM preferences of three widely used Cas9 enzymes with
their experimentally established PAM motives: SpCas9 with an NGG
PAM23,24, SaCas9 with an NNGR(A/G)R(A/G)T PAM25,26, and CjCas9 with
an NNNNR(A/G)Y(C/T)AC PAM27–29; Supplementary Figs. 1–3. For
CjCas9, we identified an almost identical amino acid sequence in
CRISPR-PAMdb (99.29% sequence similarity with 100% coverage of the
canonical CjCas9 sequence), which showed an inferred PAM profile
nearly identical to the reported CjCas9 PAM (NNNNAYAC; Supple-
mentary Fig. 1). For SaCas9, we identified three highly similar amino
acid sequences (~96% similarity with 100% coverage of the canonical
SaCas9 sequence; Supplementary Fig. 2). One of these exhibited the
reported NNGRRT profile of SaCas9, while the other two displayed
different PAM profiles (NNGA and ATGAANT), likely reflecting natural
diversification among closely related SaCas9 orthologs. For SpCas9,
themost similar entry in CRISPR-PAMdb shared only 93% identity with
full-length coverage, yet the inferred PAM profile retained identical to
the reported NGG PAM profile of SpCas9 (Supplementary Fig. 3).

Next, we evaluated the performance of our pipeline on an addi-
tional set of 79 Cas9 proteins for which the PAM profiles were
experimentally characterized by Gasiunas et al.30. We did this by
identifying closely related Cas9 clusters to the external references via
sequence similarity searches using blastp31. Only the top-matching
cluster per reference that met our de-duplication thresholds (≥98%
sequence identity and ≥90% coverage of the external reference
sequence; see “Methods” for details) was then retained. Our mined
Cas9 dataset included closely related Cas9 clusters for 65 of the 79
reference Cas9 proteins. After filtering, consensus PAM inferences
were obtained for 26 out of the 65 Cas9 clusters (Supplementary
Fig. 4b and Supplementary Data 2). We then compared the experi-
mentally determined PAM profiles of the reference Cas9 variants with
the bioinformatically inferred PAM profiles using augmented cosine
similarity (this is referred to as accuracy, see Methods for details and
Supplementary Information for a formal definition), where higher
values indicate greater overall overlap in base preferences across all
PAM positions. Confirming the high accuracy of our bioinformatic
PAM identification approach, we obtained an average cosine similarity
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of 0.702, with 22 of the 26 Cas9 clusters (84.6%) showing cosine
similarities above 0.5 (Fig. 1e).

We next constructed a phylogenetic tree of all 8003 identified
Cas9 protein clusters with their consensus PAMs (Fig. 1f). Confirming
the overall accuracy of our clustering and annotation strategy, the

positions ofwell-characterizedCas9enzymes, such as SpCas9, SaCas9,
and CjCas9, aligned well with their established phylogenetic
relationships30,32. Furthermore, we observed that closely related
Cas9 sequences generally share similar PAM motifs, suggesting that
PAM specificity has been largely conserved within evolutionary
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Fig. 1 | Pipeline overview and results of alignment-based PAM inference.
a Schematic overview of our mining pipeline. (1) Identify CRISPR repeat-spacer
arrays from bacterial and archaeal genomes; (2) Fetch Cas proteins; (3) Collect Cas
clusters; (4) Collect repeats and spacers associated with the same Cas clusters; (5)
Spacers are pooled and oriented consistently by clustering repeats; (6)Map pooled
spacers to identify PAMs flanking protospacers in dereplicated phage and plasmid
sequences using PAMpredict9. Created in BioRender. Fang, T. (2026) https://
BioRender.com/58sntmw. b Count and sources of mined Cas proteins. c Count of
Cas9 variants at each pipeline stage. d The Sankey plot illustrates the mapping
between spacers in the bacterial and archaeal genomes and their mapped proto-
spacers in phage and plasmid sequences for the final set of 8003 Cas9 variants with
consensus PAM inferences. e Augmented cosine similarity between 26 reference

PAM sequences with consensus PAM inferences derived from their most similar
Cas9 protein clusters (≥98% sequence similarity and ≥90% coverage of the external
reference sequence). Accompanying sequence logo plots illustrate the inferred
PAM profiles across different levels of PAM similarity. The string shown below the
x-axis in each plot represents the corresponding external reference PAM sequence.
f Phylogenetic tree of Cas9 protein clusters sharing 98% sequence similarity.
Annotations, from inner to outer rings, indicate themost likely nucleotide inferred
at each of the 10 PAM positions. To facilitate interpretation, we also include and
indicate the position of the three frequently employedCas9 enzymes SpCas (NGG),
SaCas9 (NNGRR(A/G)T), and CjCas9 (NNNNR(A/G)Y(C/T)AC) in the tree. Source
data are provided as a Source Data file.
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lineages. At the same time, the tree underscores the remarkable
diversification of PAM preferences across the entire Cas9 family,
although global nucleotide usage analysis revealed a moderate but
consistent enrichment of purines at most PAM positions, with purine-
to-pyrimidine ratios at positions 1–10 of 1.3, 7.7, 4.7, 3.0, 1.4, 0.6, 2.1,
1.9, 1.6, and 1.0, respectively (Fig. 1f, see “Methods” for details).

Machine learning-based PAM prediction for Cas9 proteins
using CICERO
For themajority of the 62,542 identifiedCas9 protein clusters, wewere
unable to map a sufficient number of protospacers in phage and
plasmid databases to infer PAMs. To overcome this limitation, we
developed and trained CICERO (CRISPR Cas9 PAMpredictormodel), a
machine learning model that is capable of predicting PAM profiles
directly from CRISPR Cas9 sequences using a protein language model
(pLM) backbone (ESM2)12. Our training pipeline, similar to Nayfach
et al.11, follows a two-phase scheme (Fig. 2a). In phase 1, CICERO is
trained to predict PAMs directly for given Cas9 proteins as inputs.
Thereby, the protein language model embeddings are extended by a
multi-layer perceptron (MLP) network to predict PAM profiles, which
reflect how likely each nucleotide is to appear at each position (see
Methods formore technical details). In phase 2, which only takes place
after phase 1 is completed, the setup is further refined to have another
MLP layer on top of the trained model from phase 1 to predict corre-
sponding confidence estimates of the predictions. Essentially, this
confidence prediction model learns to estimate the accuracy of PAM
predictions from phase 1, thereby providing insight into the reliability
of each prediction.

To assess the impact ofmodel scaling, we trainedCICEROvariants
with ESM2 backbones ranging from 8M to 3B parameters and vali-
dated them using five-fold cross-validation on the CRISPR-PAMdb
dataset, which comprises 8003 Cas9 clusters with inferred PAM pre-
ferences (of which 7571 remained after applying a length filter, see
“Methods” for details). Model performance varied only modestly
across model/parameter sizes, with CICERO-650M achieving the
highest accuracy, showing an average cosine similarity between pre-
dicted and inferred PAM profiles of 0.69 ±0.03 across all held-out test
splits (Fig. 2b and Supplementary Figs. 5 and 6). To further dissect the
determinants of prediction accuracy, we analyzed multiple Cas9 and
PAM-related factors. Accuracy increased for longer Cas9 sequences —
likely reflecting the greater representation of long variants in the
training data—and for shorter PAMprofiles, which are inherently easier
to predict (Supplementary Fig. 5c–d). Finally, stratification by
sequence similarity revealed that performance improves with
increasing similarity to the training set, but remains robust even for
more divergent proteins (Supplementary Fig. 5e), indicating that
CICERO-650M generalizes beyond closely related Cas9 orthologs.

To further validate the performance of CICERO-650M, we applied
it on the well-characterized Cas9 nucleases SpCas9, SaCas9, and
CjCas9 (Supplementary Figs. 1–3). For SpCas9, the model accurately
predicted the canonical NGG PAM with high confidence (0.92). For
CjCas9, the predicted NNNNYAAC motif (confidence of 0.87) closely
matched the reported NNNNR(A/G)Y(C/T)AC motif, differing only at
position 5. For SaCas9, CICERO-650Mgenerated a PAMprofile broadly
consistent with the reported NNGR(A/G)R(A/G)T motif, correctly
identifying R(A/G) at positions 4–5 and T at position 6. While the
confidence of the SaCas9 PAM prediction was lower (0.63), this var-
iation is consistent with the known diversity of PAM preferences
amongdifferent SaCas9 familymembers in CRISPR-PAMdb. Finally, we
also benchmarkedCICERO-650Mon a dataset of 79Cas9proteinswith
experimentally determined PAM profiles reported by Gasiunas et al.30.
On this dataset, CICERO-650M achieved a median augmented cosine
similarity of 0.75 (Fig. 2b and Supplementary Fig. 7).

Next, we tested whether the trained confidence network (i.e.,
confidence head) installed on top of the PAM prediction layer could

reliably estimate prediction accuracy. Confidence scores indeed
showed a strong correlation with actual prediction accuracy when
evaluated on the set of experimentally validated Cas9 proteins
Spearman correlation test: r =0.8, p = 8.8 × 10−19; Fig. 2c and Supple-
mentary Data 2. This prompted us to conduct a simple thresholding
strategy, in which the predictions for the Cas9 proteins of the CRISPR-
PAMdb test data were grouped into confidence bins (0.7–0.8, 0.8–0.9,
>0.9). As expected, prediction accuracy increased markedly with
higher confidence, reaching an accuracy of 0.86 for predictions with
confidence >0.9 (Fig. 2d). Applying the binning strategy to the 79
experimentally validated Cas9 proteins showed similar results, with
the median accuracy rising to 0.89 for predictions with confidence
>0.8 (37/79 variants; Supplementary Data 2), and to0.95 for thosewith
confidence >0.9 (9/79 variants; Fig. 2e).

In a recent preprint, Nayfach et al. reported a related Cas9 PAM
prediction model, Protein2PAM11. When evaluated on the same 79
experimentally validated Cas9 proteins, Protein2PAM achieved an
accuracy of 0.81 (augmented cosine similarity), which—similar to
CICERO—further increased when filtering for high-confidence predic-
tions, reaching 0.89 for confidence >0.8 (40/79) and 0.92 for con-
fidence >0.9 (17/79). Although these results indicate a slightly higher
performance of Protein2PAM, the comparison remains limited by the
small size of the benchmark dataset. Future benchmarking of both
models on a larger set of Cas9 proteins with bioinformatically inferred
PAM preferences would therefore be valuable. Such a head-to-head
evaluation will become feasible once the Protein2PAM training data
and model weights are publicly released.

We next applied CICERO-650M to the 54,539 Cas9 clusters for
which we could not infer the PAM preference due to the lack of suffi-
cient protospacers identified in phage and plasmid databases. To
adhere to the samepreprocessing routine as in trainingCICERO-650M,
a length filter was applied, after which 50,308 sequences with a length
between 200 and 1538 remained. These sequences were used as input
for each trained fold of CICERO-650M, from which predictions and
confidence scores were computed as the average across folds. This
resulted in 32,016 predictions with confidence larger than 0.7, 17,453
predictions with confidence larger than 0.8, and 3119 predictions with
confidence larger than 0.9 (Fig. 3a). Using this dataset, we also con-
structed a phylogenetic tree of Cas9 protein clusters with PAM pre-
dictions of confidence >0.7, providing a broad and systematic map of
PAM diversity across 50,308 members of the Cas9 family (Fig. 3b).

Finally, we applied CRISPR-PAMdb and CICERO to illustrate how
Cas9 orthologs with diverse PAM specificities can expand the target
range of base editors. Conventional SpCas9base editors,which couple
catalytically impaired SpCas9 to deaminases for single-base
conversion33,34, are constrained by the strict NGG PAM requirement
located ~10–20 bp upstream of the target base, leaving many patho-
genic variants inaccessible. PAM-relaxed SpCas9 variants, such as SpG
and SpRY7, alleviate this limitation but at the cost of reduced specifi-
city. To assess the extent to which Cas9 orthologs with similar speci-
ficities than SpCas9 could unlock additional target sites, we
systematically analyzed pathogenic and likely pathogenic ClinVar
variants, focusing on T·A→C·G and G·C→A·T transitions amenable to
cytosine or adenine base editing (See “Methods” for details). Among
8897 T·A→C·G and 37,636G·C→A·T transitions, only 47.0% and 48.2%
were targetable with SpCas9, respectively, whereas theoretical max-
imumcoveragewas achievedwhen includingCas9orthologswith PAM
specificities ≥NGG, either mined from CRISPR-PAMdb or predicted by
CICERO with confidence >0.8 (Supplementary Fig. 8 and Supplemen-
tary Data 3).

Discussion
In this study,we identified62,542 uniqueCas9clusters from3.8million
bacterial and archaeal genomes and screened 7.4 million phage and
plasmid sequences to detect protospacer matches via
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spacer–protospacer alignment. This enabled the construction of
CRISPR-PAMdb, a publicly available database containing 8003 Cas9
clusters with inferred PAM preferences. To further expand PAM cov-
erage, we developed CICERO, a machine learning model capable of
directly predicting PAMprofiles fromCas9protein sequences. CICERO
extended PAM annotations to an additional 50,308 Cas9 clusters,

providing a systematic and scalable framework for exploring PAM
diversity across the Cas9 protein family.

The accuracy of alignment-based PAM inference is inherently
dependent on the diversity and abundance of unique spacers and
protospacers available in current genomic datasets. A key strength of
our study is the use of what is, to our knowledge, the most

a b

c

d e

Fig. 2 | CICERO training pipeline and PAM prediction accuracies on CRISPR-
PAMdb and external validation set (Gasiunas et al.30). a Two-phase training
pipeline similar to Nayfach et al.11 using a protein language model as shared back-
bone. In phase 1, the model is trained to predict PAM profiles given Cas9 input
sequences. Phase 2 reuses the same backbone and adds a PAM-prediction MLP
network as a confidence prediction module, which is trained to regress the PAM
prediction accuracy, computed as augmented cosine similarity to the target PAM
profile.bMedian accuracies onCRISPR-PAMdbCas9 sequences aggregated over all
cross-validation folds and on the 79 external validation set. Box plots show the
median (center line), interquartile range (IQR; bounds of the box correspond to the
25th and 75th percentiles), whiskers extending to 1.5× IQR from the quartiles, and
individual points beyond the whiskers as outliers. n indicates the number of

evaluated Cas9 samples. The same definition applies to (d, e). c Median accuracy
for the 79 external validation set, filtered according to varying confidence thresh-
olds. Retaining only predictions with a confidence of at least 0.8 yields a much
higher accuracy of 0.89 (for n = 37 filtered samples) compared to the baseline
accuracy of 0.75 based on all 79 samples. (d) Median accuracies on CRISPR-PAMdb
Cas9 sequences aggregated over all cross-validation folds as in (b) with additional
grouping by predicted confidence. The number of samples in each confidence bin
is shown, out of a total of 7571 Cas9 samples. e Median accuracies on the external
validation set as in (b) with additional grouping by predicted confidence. The
number of samples in each confidence bin is shown, out of a total of 79
Cas9 samples. Source data are provided as a Source Data file.
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comprehensive collection of bacterial, archaeal, phage, and plasmid
genomes assembled to date. This breadth is essential, as spacer and
protospacer availability is shaped by ongoing host–invader co-
evolution35,36. New spacers are regularly acquired in response to
emerging threats, while older ones may be lost to preserve array
compactness and efficiency. Similarly, protospacers in phage and
plasmid genomes are frequently mutated or deleted to evade CRISPR-
mediated interference.

To improve the robustness of inference, we clustered Cas9 pro-
teins into homologous groups (>98% homology), allowing the aggre-
gation of multiple unique spacers and protospacers for consensus

PAM inference. While this approach increases statistical power, it may
obscure differences in PAM preference between highly similar Cas9
variants. Nevertheless, when tested on a set of Cas9 variants with
experimentally validated PAM preferences, we observed strong simi-
larities to our inferred PAM profiles, suggesting that the CRISPR-
PAMdb database will be a valuable resource for selecting Cas9 ortho-
logs for genome editing experiments.

Compared to previous efforts9,10, our pipeline produced a higher
number of Cas9 clusters with inferred PAM preferences, emphasizing
the importance of leveraging comprehensive bacterial and archaeal
genomic datasets, as well as comprehensive phage and plasmid
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Fig. 3 | Expansion of Cas9 PAMdiversity using CICEROpredictions. a Expansion
of Cas9 PAM predictions using CICERO-650M. The initial 8003 PAMs bioinforma-
tically inferred frommetagenomic datasets (gray) are extended to over 50,000 via
CICERO-650M (colored). Each color represents a confidence bin of predicted
PAMs. Notably, over 60% of the unlabeled Cas9 sequences received predictions
with a confidence score above0.7.bPhylogenetic tree of Cas9protein clusterswith

consensus PAM inferred from metagenomic datasets or predicted with high-
confidence (confidence score > 0.7) by CICERO. Annotations from the inner to
outer rings represent the most likely nucleotide at each of the 10 PAM positions.
The outermost ring indicates the source of the PAM prediction—inferred PAM
(CRISPR-PAMdb) or CICERO—and, for CICERO-derived predictions, the associated
confidence score. Source data are provided as a Source Data file.

Article https://doi.org/10.1038/s41467-026-69098-5

Nature Communications |         (2026) 17:2510 6

www.nature.com/naturecommunications


sequence collections, for alignment-based PAM inference. Utilizing the
taxonomic annotations provided by mOTUs4, we determined that
1,658,140 of 3,709,852 bacterial genomes (45%) and 23,352 of 62,669
archaeal genomes (37%) harbor Cas proteins. At the species level,
31,513 of 64,205 bacterial species (approximately 49%) were found to
harbor Cas proteins. These findings are consistent with prior reports
indicating that approximately 50% of bacterial genomes contain
CRISPR systems. However, the lower-than-expected prevalence of Cas
proteins in archaeal genomes—relative to historical estimates nearing
90%—may reflect gaps in phylogenetic coverage within our genome
database or limitations of current Hidden Markov Models (HMMs) in
detecting highly divergent or previously uncharacterized CRISPR–Cas
variants in archaea. Alternatively, it may indicate the presence of dis-
tinct, non-CRISPR defense strategies in archaeal lineages37–40.

The potential of CICERO to predict PAMs from given Cas9
sequences considerably extends the coverage beyond traditional
alignment-based bioinformatics tools. By leveraging a protein lan-
guage model (ESM2) and incorporating a confidence scoring
mechanism, CICERO enables accurate and scalable prediction of PAM
preferences directly from Cas9 sequence data. High-confidence pre-
dictions (e.g., confidence>0.9) corresponded to accuracies of up to
0.95 on benchmark datasets, offering a practical filter for prioritizing
reliable predictions. Nonetheless, there is room for improvement. For
example, future iterations of CICERO could benefit from expanded
training datasets that include experimentally validated PAMs from
more diverse Cas9 orthologs, particularly from underexplored phy-
logenetic clades.Moreover, CICERO is currently exclusively trained on
Cas9 proteins, but the framework is inherently modular and training
could be extended to other CRISPR effector families, such as Cas12
or Cas13.

Recently, Nayfach et al.11 also reported a machine-learning model
(Protein2PAM) for predicting Cas9 PAM preferences directly from
protein sequence. Protein2PAM and CICERO share several core design
choices: both leverage ESM2-based protein representations, predict
PAMs as fixed-length 10 × 4 matrices, optimize distribution-level
agreement between predicted and reference PAM profiles, and
include confidence estimates to identify unreliable predictions.
Despite these similarities, the two approaches differ in several
respects. We systematically characterize our modeling approach
through ablation studies across protein language-model backbones
and across different input and output settings. In addition, CICERO
employs a compact confidence head trained jointly with PAM predic-
tion under direct supervision, without additional pretraining objec-
tives or auxiliary sequence similarity-based embeddings. When
benchmarking both models on a set of 79 Cas9 nucleases with
experimentally validated PAMs, both achieved comparable perfor-
mance, with Protein2PAM showing slightly higher median accuracy.
However, interpretation of this comparison is limited by the small size
of the benchmark, and a more comprehensive head-to-head assess-
ment on larger, independent datasets would therefore be valuable in
future work.

Taken together, CRISPR-PAMdb and CICERO provide a scalable
and reproducible framework for large-scale Cas9–PAMannotation and
prediction that integrates evolutionary inference with machine-
learning–based generalization. By expanding the repertoire of Cas9
orthologs with defined PAM specificities, this resource facilitates the
rational design of genome-editing tools beyond currently used Cas9
orthologs.

Methods
Genomic data acquisition and CRISPR-Cas system identification
3,747,151 isolated and metagenome-assembled bacterial and archaeal
genomes were downloaded from the mOTUs4 database13. Among
these, 37,298 were archaeal genomes. In addition, 25,371 archaeal
genomes were retrieved from the European Nucleotide Archive (ENA)

as of 2024-10-114. To mine PAMs from mobile genetic elements, we
established a reference dataset of phage sequences (N = 7,978,168;
Supplementary Data 1) from previously published bulk-metagenomic,
viral-particle enrichment and viral isolate studies such as IMG-VR22

(v4.1) and added an in-house dataset of circular phages identified by
mVIRs (v1.1.1, standard parameters, minimal length of circular element
is 2000 bp)41 as a circular element in the mOTUs-db assemblies13 and
classified as “virus” by geNomad42 (v1.7.4, database version 1.7; end-to-
end parameters: --disable-nn-classifcation, --sensitivity 7.5) (reference
future downloadable file from mOTUs-db). The dataset was derepli-
cated using vClust43 (v1.29, standard parameters for prefilter and align
steps; --ani 1 --qcov 1 --tcov 1 --algorithm leiden for cluster step), which
resulted in the total of 6,713,135 phage genomes. Additionally, we
incorporated 699,973 plasmid genomes from IMG/PR21 (2023-08-08_1
version), resulting in a total of 7,413,108 mobile genetic elements.

The CRISPR array containing contigs was extracted from these
genomes using MinCED (v0.4.2, https://github.com/ctSkennerton/
minced) and PILER-CR44 (v1.06). Results from both tools were
merged, overlapping contigs were removed, and only contigs longer
than 5000 bp were retained. Protein-coding sequences within 20 kb
upstream and downstream of CRISPR arrays in the contigs were pre-
dicted using Prodigal-gv42 (v2.11.0) and Cas variants were then identi-
fied by hmmsearch45 (v3.4) in these flanking regions using curated Cas
HiddenMarkovModels fromCRISPRCasTyper15 (v1.8.0). We evaluated
the pipeline using a manually curated CRISPR-Cas loci benchmark
dataset comprising 1106 genomes known to contain CRISPR-Cas9
systems46. Our pipeline successfully identified CRISPR-Cas9 systems in
1012 of these genomes and recovered all curated Cas proteins—
including, but not limited to, Cas9—in the majority of cases (Supple-
mentary Fig. 4a).

PAM Inference for CRISPR-Cas9 system
PAMs for the identified Cas9s were inferred by aligning associated
spacers to protospacers in phage and plasmid genomes from our
curated mobile genetic elements dataset (see above), discarding
matches with more than four mismatches or gaps. Protospacers and
theirflanking regions (up to 10nt onboth sides since the orientation of
protospacers are unknown) were aligned to derive consensus PAMs in
the flanking region using PAMpredict9 (v.1.0.2). To enhance PAMpre-
dict’s accuracy, which depends on the number and diversity of input
spacers, spacers from nearly identical Cas9 proteins were grouped
using MMseqs2 (v17.b804f, options: --min-seq-id 0.98 -c 1 --cov-mode
0)47 before analysis, improving PAM inference sensitivity. Spacer
sequences associated with nearly identical Cas9 proteins were also
uniformly oriented prior to input into PAMpredict by aligning the
associated repeats to an arbitrary but consistent reference orientation
(without assuming spacer polarity). This was achieved through repeat
clustering with cd-hit-est (v4.8.1, options: -c 0.8, -s 0.75, -r 1)48. Subse-
quently, based on the detected consensus PAM located either
upstream or downstream of the protospacer, we determined the
protospacer and spacer orientations using the necessary contextual
information—for example, for Cas9 variants, the PAM is typically
downstream of the protospacer, while for Cas12a, it is upstream49,50.
Redundant spacers were removed using cd-hit-est (options: -c 0.95, -s
1, -r 0), andCas9 clusterswith fewer than 10 spacers after dereplication
were excluded from PAM inference.

The inference output is a 10 × 4 information-content matrix
representing PAMpredictions across ten nucleotide positions and four
bases (A, T, G, C). For biological interpretability, we derived consensus
IUPAC51 motifs from these 10 × 4 PAM profiles using information-
content thresholds. Here, information content quantifies the posi-
tional nucleotide preference by measuring how much the observed
base distribution at each site deviates from a uniform background,
indicating how strongly a given base is favored. Nucleotides with an
information content exceeding 0.5 bits were assigned to each PAM
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position, generating consensus sequences that capture strong
nucleotide preferences.

Phylogenetic trees of Cas9 protein clusters with 98% sequence
similarity were aligned using MAFFT52 (v7.526), constructed with
FastTree53 (v2.1.11), and visualized in iTOL54 (v7). The IUPAC consensus
motifs were used to calculate purine-to-pyrimidine ratios at PAM
positions 1–10 by analyzing the presence of A/G versus C/T at each
position, excluding thosewith strongpreferences for both purines and
pyrimidines.

Machine learning for PAM prediction
In our experiments, we train CRISPR Cas9 PAM predictor model
(CICERO)—anMLmodel that uses Cas9protein sequences as input and
predicts the associated PAM as an output. Ourmodels use ESM2 as the
backbone12—a powerful protein language model that encodes infor-
mation at the sequence level. After evaluating models with varying
sizes (8M, 35M, 150M, 650M, and 3B parameters), we selected the
650M-parameter variant for ourfinal approach, termedCICERO-650M.
This model encodes each Cas9 protein sequence into a learned
embedding that captures global contextual information across the
entire protein, which is subsequently fine-tuned during training. In
particular, we use the special [CLS] token (where a token refers to an
amino acid), which is a meta token first introduced in the BERT
architecture55. It is placed at the start of the input sequence and
enables encoding the entire sequence into a single vector repre-
sentation for downstream tasks, such as predicting the PAM motifs.
This is then passed to an output layer for PAM prediction—a fully-
connected two-layer MLP with a rectified linear unit (ReLU) activation,
a hidden dimension of 1280 and a dropout rate of 0.2. The MLP out-
puts a 10 × 4 matrix of raw PAM logits, corresponding to a fixed 10-
length PAMprediction over ten nucleotide positions and four possible
bases (A, T, G, C). See Fig. 2a for a visualization of the employed
pipeline.

The training objective (see Supplementary Information for a for-
mal definition) combines a standard cross-entropy loss on the pre-
dicted PAM logits, combined with an augmented cosine similarity loss
at the information level, similar toNayfachet al.11, to better alignmodel
predictions with biological PAM patterns. This augmented cosine
similarity is also used as an evaluationmetric for PAM predictions; it is
considered a proxy for accuracy by quantifying howwell the predicted
PAM information content matches the target PAM profile inferred
from metagenomic data by PAMpredict9. Intuitively, it captures both
nucleotide agreement and the positional relevance of each base,
encouraging the model to correctly identify high-information (i.e.,
biologically important) positions, while incorporating a fictitious “N”
base to account for low-information regions where no specific base is
strongly favored. All reported accuracy values throughout this paper
refer to this metric. Representative examples illustrating a range of
similarity scores and their interpretation are shown in Fig. 1e, Sup-
plementary Fig. 6, and Supplementary Data 2, which list the similarity
scores, predicted consensus IUPAC PAM strings, and corresponding
experimentally validated PAMs. Of note, when the training objective
and evaluation were adjusted to consider only positions correspond-
ing to the consensus PAM string—excluding trailing “N” positions (see
definition of the mask in the loss function as described in detail in
Supplementary Information)—model performance improved, achiev-
ing an accuracy of 0.75 on test splits and 0.80 on the external dataset
when excluding the predicted trailing “N” positions. However, for all
analyses and reporting in this study, we focus on the model that
evaluates all PAM positions without incorporating length-based bias,
providing a more general and unbiased framework.

We additionally implement and train a confidence network to
enhance interpretability. The idea of learned confidence estimates has
been explored in several works11,56,57. Since deep neural networks often
suffer from poor calibration by over- or underestimating predictive

confidence, such approaches can improve calibration. In CICERO, this
is realized through a simple two-layer MLP, which adds only minimal
computational overhead while producing interpretable confidence
estimates. This is realized in Phase 2 (Fig. 2a), wherewe freeze both the
finetuned protein language model backbone and the PAM-prediction
head learned in Phase 1. We then attach a new confidence prediction
head on top of the frozen [CLS] embedding. Only this confidence head
is trained in this second phase to predict the empirical accuracy of the
PAM head on each Cas9 input sequence. It is supervised with real-
valued accuracy scores (computed per sequence) and optimized with
an L2 loss. Intuitively, the confidencehead learns to identify features in
the fine-tuned, frozen [CLS] embeddings that predict errors of the
PAM prediction head, allowing it to highlight inputs where the PAM
prediction is likely unreliable.

For data processing, we used 8003 Cas9 sequences for which a
PAMwas accurately inferred. As preprocessing, we apply length-based
filtering by excluding sequences shorter than 200 amino acids, as such
short fragments are unlikely to contain the PAM-interacting domain
(PID), which is critical for PAM determination and sequences exceed-
ing the 99th quantile in terms of length (i.e., sequences longer than
1538 amino acids). After filtering, we retain 7571 pairs of sequences and
their corresponding PAMs. For evaluation, we performed five-fold
cross-validation using a stratified split setup with train/validation/test
splits in each fold. Training is conducted using a learning rate of 1e-4
for both the protein languagemodel backbone and theMLP head. The
checkpoint with the best validation loss (evaluated on the validation
split) is retained during training, which runs for 15 epochs, and is
shown to be sufficient for our experiments. The confidence network is
trained similarly on each fold for 15 epochs, with a learning rate of 3e-4.
The models are first evaluated on the test split of each fold and sub-
sequently on an external data set of 79 Cas9 sequences with experi-
mentally determined PAMs30, which serves as additional ground truth.

Benchmarking the PAM mining pipeline and CICERO model
performance
To validate the performance of our mining pipeline and CICERO
model, we conducted sanity checks on three canonical enzymes
(SpCas9, SaCas9, and CjCas9) to confirm expected behavior (Supple-
mentary Figs. 1–3). For themining pipeline, we assessed inferred PAMs
of the most similar sequences from CRISPR-PAMdb relative to the
canonical enzymes. For CICERO, we evaluated predicted PAMs of the
most similar sequences from the 50,308 Cas9 clusters for which we
could not infer PAM preferences using the mining pipeline. Sequence
similarity to the canonical enzymes was calculated using blastp 2.14.131

(e-value threshold: 0.0001), retaining sequences with ≥90% identity
and ≥90% coverage of the canonical reference. Among those passing
these criteria, we selected the most similar sequence based on the
highest identity.

We also benchmarked our mining pipeline using an external
dataset of 79 Cas9 proteins with experimentally validated PAMs30.
Sequence similarity between these external Cas9 sequences and the
CRISPR-PAMdb Cas9 protein cluster representatives was assessed
using blastp 2.14.1(e-value threshold: 0.0001). Only the clusters exhi-
biting the highest similarity and meeting the filtering criteria (≥98%
sequence identity and ≥90% coverage of the external reference
sequence) were retained for benchmarking. Ultimately, this yielded 26
closely related Cas9 clusters with inferred consensus PAMs for the
external reference sequences (Fig. 1e). In contrast, to benchmark the
CICEROmodel, we directly applied predictions to all 79 external Cas9
proteins (with no exclusions or de-duplication relative to the training
data), see Supplementary Fig. 7.

Assessing the utility of the PAM mining pipeline and CICERO
To assess the utility and applicability of our CRISPR-PAMdb and
CICERO resources, we systematically queried the ClinVar database
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(2025-12-02 version) to extract disease-associated single-nucleotide
variants (SNVs) classified as pathogenic or likely pathogenic, focusing
on T:A-to-C:G andG:C-to-A:T transitions amenable to base editing. The
ClinVar dataset was filtered to curate a high-confidence set of genetic
variants. Only variants mapped to the GRCh38 genome assembly, with
reviewed records, confirmed pathogenicity, and specific phenotype
annotations were retained, while variants in cancer-related genes
(BRCA1, BRCA2, MLH1, MSH2, PTEN) were excluded. The resulting
dataset contained 8897 T:A-to-C:G and 37,636 G:C-to-A:T transitions
amenable to base editing. Genomic context sequences, including 200
bp flanking regions on both sides, were generated for each variant
using the GRCh38 reference assembly. A base-editing library was
constructed by selecting transition variants and generating multiple
target sites for each variant. The appropriate DNA strand was selected
based on the target base to ensure compatibility with the base editor
(A for adenine base editors, C for cytosine base editors). Target sites
were created by shifting the mutation position across the protospacer
(PAM-distal positions 1–10) and extracting the corresponding 20-bp
protospacer and 10-bp PAM sequences. Each 20-bp protospacer and
adjacent 10-bp PAM were then evaluated for editor targetability
(requiring an appropriate PAM with the pathogenic base at positions
1–10) using Cas9 orthologs from CRISPR-PAMdb and CICERO-
predicted editors (confidence > 0.8) (see Supplementary
Fig. 8c and 8d for example). To minimize off-target potential, we
retained only editors with specificity equal to or greater than that of
SpCas9 with an NGG PAM. Specificity scores were computed by
assigning values of 0, 1, 2, or 3 to each PAM position corresponding to
sites allowing 4, 3, 2, or 1 possible nucleotides, respectively, and
summing these scores across all 10 PAM positions. For example, “N” at
a given position corresponds to a specificity score of 0, while “R” (A/G)
corresponds to a score of 2.

Statistics and reproducibility
This study is entirely computational and does not involve biological
experiments, clinical trials. No statistical methodwas used beyond the
calculation of a Spearman rank correlation between predicted con-
fidence scores and external validation accuracies. Sample sizes were
defined by exhaustive data availability and predefined quality thresh-
olds. No data were excluded except according to the following pre-
established objective criteria: Cas9 sequences shorter than 200 or
longer than 1538 amino acids were removed; clusters with fewer than
10 unique spacers after dereplication were excluded from alignment-
based PAM inference; and spacer–protospacer alignments containing
more than 4 mismatches or gaps were discarded. The experiments
were not randomized. The investigators were not blinded to allocation
during experiments and outcome assessment. All analyses were per-
formed using fully deterministic, publicly available code and data;
results are therefore fully reproducible.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The data generated in this study have been deposited in Zenodo
[https://doi.org/10.5281/zenodo.17855072]58. These data include all
mined Cas9 protein sequences, alignment-inferred PAM profiles
(CRISPR-PAMdb), CICERO-predicted PAM profiles, benchmarking
results, and processed ClinVar pathogenic variant analyses (Supple-
mentary Data 2 and Supplementary Data 3). All files are openly
accessible with no restrictions. The raw input datasets used in this
study were obtained from public repositories. Bacterial and archaeal
genomes were obtained from the mOTUs4 database [https://motus-
db.org/]. Additional archaeal genomes were downloaded from the
European Nucleotide Archive (ENA) (as of October 2024) [https://

www.ebi.ac.uk/ena/browser/downloading-data]. Plasmid sequences
were obtained from IMG/PR (version 2023-08-08_1) [https://genome.
jgi.doe.gov/portal/IMG_PR/IMG_PR.home.html]. Phage sequences
were obtained from the sources listed in Supplementary Data 1, all of
whichare included in theZenododeposition, except for one additional
large mOTUs-db–derived phage dataset that will be released in the
next public mOTUs-db update and is available from the authors upon
request. Disease-associated single-nucleotide variants were obtained
from ClinVar (version 2025-12-02) [https://ftp.ncbi.nlm.nih.gov/pub/
clinvar/tab_delimited/]. Source data are provided with this paper.

Code availability
CRISPR-PAMdb was developed in Python and CICERO was imple-
mented in PyTorch. The complete source code, pipelines, and doc-
umentation are available under an open-source license at https://
github.com/Schwank-Lab/CRISPR-PAMdb. The exact version of the
code used for this publication has been archived in Zenodo [https://
doi.org/10.5281/zenodo.17855426]59.
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