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Two recently developed SpCas9 (Cas9 from Streptococcus pyogenes) 

variants, xCas9 and SpCas9-NG, have been reported to have broader 

PAM compatibility than SpCas9. However, PAM sequence 

compatibilities for xCas9 and SpCas9-NG were not extensively 

investigated in human cells. Here we extensively compared the activities 

of xCas9, SpCas9-NG, and SpCas9 using a high-throughput approach in 

human cells. When the U6 promoter was used for single-guide RNA 

(sgRNA) transcription, sgRNAs with a 20-nt spacer sequence with a 5’ G 

resulted in higher activity for all three nucleases than sgRNAs with a 21 

nt-spacer sequence with a 5’ G, regardless of whether or not the target 

DNA protospacer contained a 5’ G. This analysis also enabled us to more 

comprehensively and quantitatively define xCas9, SpCas9-NG, and 

SpCas9 PAM compatibility in human cells, identifying novel, albeit 

rather weak, PAM sequence compatibilities. SpCas9-NG showed the 

broadest PAM compatibility. We also observed that some PAMs were 

associated with higher or lower nuclease activities than others, showing 

that PAM compatibilities follow a gradient. Guided by these findings, we 
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demonstrated editing in human cells by SpCas9-NG and SpCas9 at six 

endogenous sites associated with genetic diseases that would not have 

been considered likely candidates for editing prior to the current study, 

but that contain the newly identified compatible PAM sequences. Activity 

tests at mismatched target sequences showed that xCas9 has the lowest 

tolerance for mismatched target sequences and that the high-specificity 

protospacer seed region spanned positions 4 to 7, counting from the PAM, 

for the three Cas9 nucleases. Next, using the large-scale data set obtained 

by high-throughput methods, we developed deep learning-based 

computational models, named DeepCpf1, DeepxCas9 and DeepSpCas9- 

NG, that predict AsCas12a, xCas9 and SpCas9-NG activities, respectively, 

at given target sequences. Together with DeepCpf1, DeepxCas9 and 

DeepSpCas9-NG, this new understanding about xCas9, SpCas9-NG, and 

SpCas9 activities in human cells will facilitate the use of these three Cas9 

variants.  

 

 

 

 

 

 

 

 

 

 

 

---------------------------------------------------------------------------------------- 

Key words : Biotechnology, Molecular Biology, Genome editing, 

CRISPR-Cas system, Machine learning, Deep learning 



3 
 

 
 

Development and application of high-throughput methods to evaluate 
CRISPR-nucleases 

 
Hui Kwon Kim 

 
Department of Medical Science 

The Graduate School, Yonsei University  
 

(Directed by Professor Hyongbum Kim) 
 

 

 

I. INTRODUCTION 

 

The CRISPR-Cas9 and Cas12a system, an adaptive immune system found in 

bacteria and archaea, has enabled genome engineering in various organisms and 

cell types, including human cells1-10. However, applications of CRISPR-Cas9 

and Cas12a are often limited due to a lack of compatible protospacer adjacent 

motif (PAM) sequences within the DNA regions of interest, insufficient 

on-target activity, and the presence of off-target effects7-10. The optimal PAM 

sequence of Streptococcus pyogenes Cas9 (SpCas9) and Acidaminococcus sp. 

BV3L6 Cas12a (AsCas12a) is NGG and TTTV, respectively. Variants of 

CRISPR nucleases have been developed to target sequences that lack natural 

PAMs11-13, but many sequences are still not targetable. 

Phage-assisted continuous evolution of SpCas9 recently generated a variant, 

named xCas9, that can target sequences with non-NGG PAMs14. Using 

structure-based engineering, Nureki and coworkers generated an SpCas9 variant, 

named SpCas9-NG, that also allows targeting of sequences with NG PAMs. 

GUIDE-seq showed that xCas9 has lower off-target activity as compared to 

SpCas914. In these initial studies, xCas9 and SpCas9-NG activities were studied 

at only 20 and 69 endogenous human genomic sequences, respectively. 
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Extensive investigation of a large number of target sequences would provide a 

more complete understanding of xCas9 and SpCas9-NG PAM compatibility and 

activities at matched and mismatched target sequences in mammalian cells. 

Here we used a high-throughput approach to extensively evaluate xCas9 and 

SpCas9-NG PAM compatibility and activities at matched and mismatched target 

sequences in human cells and compared these results with those of SpCas9. We 

found that SpCas9 and SpCas9-NG can recognize some newly-identified 

non-NGG PAM sequences. We also revealed that the accurate determination of 

xCas9 and SpCas9-NG PAM sequences requires analysis of PAMs that are at 

least four nucleotides in length. Our high-throughput analysis enabled 

fine-tuning of our understanding of the four- and five-nucleotide PAM 

sequences for xCas9, SpCas9-NG, and SpCas9. 

Because of graduated relationship between xCas9 and SpCas9-NG activities 

and the PAM sequences at the target sites, it can sometimes be difficult to find 

target sequences at which xCas9 or SpCas9-NG activity will be sufficient for 

genome editing. Similarly, Cas12a activities at some target sites are often not 

sufficiently high for genome editing15-17, necessitating the screening of Cas12a 

activities at multiple target sequences. Thus, we developed deep learning-based 

computational models named DeepCpf1, DeepxCas9 and DeepSpCas9-NG 

which find AsCas12a, xCas9 and SpCas9-NG target sequences, respectively, 

and predict their activities at those targets. This new information about xCas9, 

SpCas9-NG, and SpCas9 activities in human cells, together with DeepCpf1, 

DeepxCas9 and DeepSpCas9-NG, will greatly facilitate the use of Cas9 and 

Cas12a nucleases for genome editing. 
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II. MATERIALS AND METHODS 

 

1. Oligonucleotide library design 

Two oligonucleotide pools containing the 15,441 (Library A) and 25,145 

(Library B) pairs of guide and corresponding target sequences were 

array-synthesized by and purchased from Twist Bioscience (San Francisco, CA). 

Each oligonucleotide was designed to include the following elements: a 19- or 

20-nt guide sequence for the sgRNA, a BsmBI restriction site, barcode 1 (a 

20-nt sequence), a second BsmBI site, barcode 2 (a 15-nt sequence), and the 

corresponding 30-nt target sequence containing a PAM. Barcode 1, located 

between the two BsmBI sites, served to reduce template switching during PCR 

amplification of the oligonucleotide library18, whereas barcode 2, located 

upstream of the target sequence, served to identify individual guide RNA and 

target sequence pairs after deep sequencing. In the oligonucleotide design, we 

excluding those with BsmBI target sites in their sequences.  

As a subset of the target sequences in library A, we synthesized 6,320 (= 80 

× 79) target sequences by pairing 80 protospacers with 79 different 

five-nucleotide PAM sequences (64 in the NNNAT category + 16 in the 

AGGNN category – redundant AGGAT). To minimize the variations in indel 

frequencies attributable to the protospacers, protospacer sequences that had 

previously been shown to lead to uniformly high levels of SpCas9-induced indel 

frequencies (unpublished data) were used as the 80 protospacers that matched 

80 GN19 sgRNAs. As another category of target sequences in library A, we 

designed 8,400 oligonucleotides to profile xCas9 and SpCas9 activities at 

mismatched target sequences: 24 sgRNAs × 100 (= 60 target sequences with 

one mismatched nucleotide + 19 target sequences with two mismatched 

nucleotides + 18 target sequences with three mismatched target sequences + one 

matched target sequence × three unique barcodes per target sequence) 

oligonucleotides for target sequences with AGGAT as the NGG PAM sequence 
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and 20 sgRNAs × 300 ((= one matched target sequence × three unique barcodes 

per target sequence + two mismatched target sequences) × 60 PAM sequences) 

oligonucleotides for target sequences with non-NGG PAM sequences. We also 

designed 3,374 target sequences paired with GN20 sgRNA-encoding sequences 

and 1,019 pairs of target sequences and sgRNA-encoding sequences for other 

studies. Taken together, a total of 15,441 pairs of target sequences and 

sgRNA-encoding sequences, consisting of 11,048 target sequences paired with 

GN19 sgRNA-encoding sequences (6,320 for PAM determination + 8,400 for 

profiling activities at mismatched target sequences – 3,672 redundant target 

sequences) and 3,374 + 1,019 target sequences, were used for the construction 

of library A.  

As a subset of the target sequences in library B, we randomly selected 

13,200 (33 × 400) target sequences from the human genome that contained any 

of the 33 possible three-nucleotide, non-NGG PAM sequences for xCas9 

previously determined by activity analyses in bacterial cells, which included 

NGH, NAG, GAN, ACG, ATG, CAA, CCG, GTG, TTG, CAT, TAT, TAA, CAC, 

CTG, GCG, TCG, and GTA14. To compare indel frequencies induced by 

(G/g)N20 and (G/g)N19 sgRNAs, we extracted 1,885 target sequences with NGG 

PAM from a selection of human and mouse genes and incorporated two unique 

barcodes per target sequence. These genes encode cell surface markers19 or play 

a role in resistance to vemurafenib, selumetinib, and 6-thioguanine20. As another 

subset of target sequences in library B, we randomly extracted 606 and 2,141 

human genome-origin NGG target sequences from previous Cas9 activity 

studies19, 20 and the GeCKOv1 library21, respectively. We also arbitrarily 

prepared 3,735 human cancer-associated sequences from TCGA 

(https://cancergenome.nih.gov/) without any prior information about the activity 

of the corresponding sgRNAs. For the training of guide sequences with extreme 

GC content, we randomly generated synthetic target sequences containing an 

NGG PAM with a total length of 30-nt using in-house Python scripts, and 
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subsequently selected 219 sequences containing guide sequences with 

extremely low or high GC content (≤20% or ≥80%). Additionally, for 

evaluating the correlation between indel frequencies measured at integrated 

sequences by the high-throughput approach and those at endogenous sites, we 

designed 72 and 20 endogenous target sequences from human genes-of-interest 

for other studies and from the previous xCas9 study14, respectively, with five 

unique barcodes per target sequence. The remaining 1,382 target sequences 

were designed for other studies in our lab and their results were excluded from 

the analysis for this study. Taken together, 33 × 400 + 1,885 × 2 + 606 + 2,141 + 

3,735 + 219 + (72 + 20) + 1,382 = 25,145 pairs of target sequences and 

sgRNA-encoding sequences were prepared for library B.   

 

2. Plasmid library preparation 

The plasmid library containing guide RNA and corresponding target sequence 

pairs was prepared using a two-step cloning process to prevent uncoupling 

between guide RNA and target sequence pairs during PCR-amplification of the 

oligonucleotide pool18. The first step was Gibson assembly; the second was 

restriction enzyme-induced cutting and ligation. This multistep cloning protocol 

was adapted and modified from a process that has been previously described22. 

 

Step I: Generation of the initial plasmid library that contains guide and target 

sequence pairs. BsmBI restriction enzyme (NEB, Ipswich, MA) was used at 

55 °C for 6 hr to linearize the Lenti-gRNA-Puro plasmid (Addgene; #84752)15. 

Next, the linearized vector was treated with 2 μl of calf intestinal alkaline 

phosphatase (NEB) at 37 °C for 30 min, after which it was gel-purified using a 

MEGAquick-spin total fragment DNA purification kit (iNtRON 

Biotechonology, Seongnam, South Korea).  

The oligonucleotide pool was PCR-amplified by Phusion Polymerase 

(NEB). The resulting amplicons were then purified on a 4% agarose gel. Next, 
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using an NEBuilder HiFi DNA assembly kit (NEB), the amplicons were 

assembled with the linearized Lenti-gRNA-Puro plasmid (described above) at 

50 °C for 1 hr. After incubation, the products were purified using a 

MEGAquick-spin total fragment DNA purification kit (iNtRON Biotechnology) 

and transformed into electrocompetent cells (Lucigen, Middleton, WI) using a 

MicroPulser (Bio-Rad, Hercules CA). Transformed cells were spread on 

Luria-Bertani (LB) agar plates containing 50 μg/ml carbenicillin, after which 

the plates were incubated at 37 °C for 16 hr. For determination of the library 

coverage, a small fraction (20 μl) of the culture was spread on a separate plate; 

this revealed that the coverages for libraries A and B were >1,000× the initial 

number of oligonucleotides. Plasmids were purified from the total colonies 

using a Plasmid Maxiprep kit (Qiagen, Hilden, Germany). 

 

Step II: Insertion of the sgRNA scaffold. The initial plasmid library described in 

Step I was next digested with BsmBI (NEB) for 9 h and then treated with 2 μl of 

calf intestinal alkaline phosphatase (NEB) at 37 °C for 30 min. The resulting 

product was size-selected using 0.8% agarose gel electrophoresis and purified 

with a MEGAquick-spin total fragment DNA purification kit (iNtRON 

Biotechnology). 

Independently, an insert fragment containing the sgRNA scaffold was 

synthesized and cloned into a TOPO vector (T-blunt vector; Solgent, Daejeon, 

South Korea). The sequence of this insert fragment is below; the sgRNA 

scaffold, including a poly T sequence, is shown in bold and the BsmBI 

restriction sites are underlined. 

 

CGTCTCTGTTTTAGAGCTAGAAATAGCAAGTTAAAATAAGGCTAGT

CCGTTATCAACTTGAAAAAGTGGCACCGAGTCGGTGCTTTTTTGG

GAGACG 
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We next digested the TOPO vector containing the insert fragment with BsmBI 

(NEB) to isolate the 83-nt insert fragment, which was gel-purified on a 4% 

agarose gel. 40 ng of this purified insert was then ligated to 100 ng of the cut 

initial plasmid library vector described above in an overnight incubation at 

16 °C. The ligation product was then heat inactivated at 65 °C for 10 min and 

column-purified. The purified product was transformed into electrocompetent 

cells (Lucigen) using a MicroPulser (Bio-Rad). Transformed cells were spread 

on LB agar plates containing 50 μg/ml carbenicillin and incubated for 16 hr at 

37 °C. To calculate the library coverage, a small fraction of the culture was 

spread on a separate LB plate containing 50 μg/ml carbenicillin; a final plasmid 

library coverage of 26× and 59× the initial number of oligonucleotides was 

obtained for Library A and B, respectively. Plasmids were extracted from 

harvested colonies with a Plasmid Maxiprep kit (Qiagen).  

 

3. Lentivirus production 

HEK293T cells (ATCC), which were maintained in Dulbecco’s modified 

Eagle’s Medium (DMEM) supplemented with 10% fetal bovine serum (FBS; 

Gibco, Waltham MA), were used for lentivirus production. Transfer plasmids 

containing the gene of interest, psPAX2, and pMD2.G, combined at a weight 

ratio of 4:3:1 to yield a total of 40 μg, were delivered to 80-90% confluent 

HEK293T cells using Lipofectamine 2000 (Invitrogen, Carlsbad, CA). At 12 hr 

post-transfection, 15 ml of growth medium was added to refresh the cells. The 

supernatant containing the virus was collected at 36 hr after the initial 

transfection and filtered through a Millex-HV 0.45 μm low-protein-binding 

membrane (Millipore, Darmstadt, Germany). Aliquots were frozen at -80 °C 

until use. 

Virus production efficiency was measured with a Lenti-X p24 Rapid Titer 

Kit (Clontech, Mountain View, CA) according to the manufacturer’s 

instructions. The p24 concentrations in the supernatant containing the xCas9-, 
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SpCas9-NG, and SpCas9-encoding virus were 1,031 and 973 ng/ml, 

respectively. To confirm the virus titer, serially diluted viral aliquots were 

transduced into HEK293T cells in the presence of 8 μg/ml polybrene. Both 

untransduced and virus-treated cells were cultured in the presence of 2 μg/ml 

puromycin or 20 μg/ml blasticidin S (InvivoGen). The viral titer was estimated 

by counting the number of surviving cells in the virus-treated population when 

almost all of the untransduced cells had died, as previously described15, 21.  

 

4. Cell library generation 

For transduction of each lentiviral library (A or B), 2.0 × 107 HEK293T 

cells/dish were seeded into two 150 mm tissue culture dishes and incubated 

overnight. The lentiviral library at MOI 0.3 was transduced into the cells in the 

presence of 8 μg/ml polybrene, after which the cells were incubated overnight 

(15 ~ 18 hours). The cells were cultured in the presence of 2 μg/ml puromycin 

to remove non-transduced cells. Both cell libraries were maintained at a 

quantity of at least 1.2 × 107 cells throughout the study to preserve library 

diversity. 

 

5. Cas9 delivery into the cell library 

xCas9-, SpCas9-NG-, or SpCas9-encoding lentiviral vectors were transduced 

into a total of 1.2 × 107 cells (6.0 × 106 cells/dish × 2 dishes) from each cell 

library in DMEM supplemented with 10% FBS and 8 μg/ml polybrene. 

Transduction was performed at an MOI of 5 for the majority of analyses 

including PAM determination, profiling of Cas9 activities at mismatched target 

sequences, and the generation of training data sets for DeepxCas9 and 

DeepSpCas9-NG, and at an MOI of 9 for the determination of optimized format 

of U6 promoter-driven sgRNA expression. The culture medium was replaced 

with DMEM supplemented with 10% FBS and 20 μg/ml blasticidin S 
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(InvivoGen) after an overnight incubation (15 ~ 18 hours). At 3 and 6 days after 

transduction, the cultures were harvested. 

 

6. Measurement of indel frequencies at endogenous sites 

To make the xCas9-Endo data set, a total of 78 target sites were selected from 

the endogenous human sites without any prior information about the activity of 

the corresponding sgRNAs. To generate the xCas9-HCT116-Endo data set, 55 

target sites were randomly chosen from 78 target sites selected for the 

generation of xCas9-Endo and 5 additional target sites were chosen from the 

human genome without any prior information about the activity of the 

corresponding sgRNAs. To make SpCas9-NG-HCT116-Endo, 24 target sites 

were randomly selected from the 69 target sites described in the initial 

SpCas9-NG study and 10 sites with NA or NTG PAMs, which are novel PAMs 

for SpCas9-NG, were randomly selected from the 78 target sites of 

xCas9-Endo; six additional target sites with novel PAM sequences such as 

GT(A/C/T) and (A/C/G)CG(A/G/T) and four additional target sites with an NG 

PAM were selected from the human genome without any prior information 

about the activity of the corresponding sgRNAs. HEK293T cells or HCT116 

cells were seeded into 96-well plates at a concentration of 1.0 × 105 cells/well. 

After 18 hours, cells were transfected with 100 ng of plasmid encoding sgRNA 

(pRG2; Addgene #104174) and 100 ng of plasmid encoding xCas9 or 

SpCas9-NG using Lipofectamine 2000 according to the manufacturer’s 

instructions. The culture medium was replaced with DMEM containing 20 

μg/ml of blasticidin after an overnight incubation. Cells were harvested in 

preparation for deep sequencing 3.7 days for HEK293T cells or 5 days for 

HCT116 cells after plasmid transfection. 

To evaluate the indel frequencies at target sites with novel PAMs, the target 

sites were selected using the database of disease relevant genes23. Transfection 

of a plasmid encoding sgRNA and a plasmid encoding SpCas9-NG or SpCas9 
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and subsequent analysis were conducted using the same methods for the 

xCas9-Endo data set generation as described above. 

 

7. Deep sequencing 

Genomic DNA was extracted from pelleted cells using a Wizard Genomic DNA 

purification kit (Promega, Fitchburg, WI). Integrated target sequences were 

PCR-amplified using 2× Taq PCR Smart mix (Solgent) for the high-throughput 

experiment. For the first PCR, a total of 240 μg of genomic DNA was used for 

each cell library to attain more than 1,000× coverage over the library (assuming 

10 μg of genomic DNA per 106 cells)15. Using an initial genomic DNA 

concentration of 2.5 μg per reaction, 96 independent 50 μl PCR reactions were 

performed, after which the products were all pooled together and purified with a 

MEGAquick-spin Total Fragment DNA Purification Kit (iNtRON 

Biotechnology). Subsequently, 50 ng samples of the purified products were 

PCR-amplified using primers containing both Illumina adaptor and barcode 

sequences. In the case of the cells transfected with xCas9- and sgRNA-encoding 

plasmids, we lysed them in lysis buffer (10 mM Tris-HCl, pH 7.0, 0.05% SDS, 

25 μ g/mL Proteinase K) at 37 °C for 1 hr14. To denature enzymes, the lysate 

was then incubated at 80 °C for 15 min. The first independent PCRs were 

performed in a reaction volume of 20 μl, which included 5 μl of cell lysate 

containing the genomic DNA. To attach the Illumina adaptor and barcode 

sequences, a second PCR was conducted in the same reaction volume using 0.2 

μl of the unpurified product from the first PCR as template. After 

gel-purification, the resulting amplicons were analyzed using HiSeq or MiniSeq 

(Illumina, San Diego, CA). 

 

8. Analysis of indel frequencies 

In-house Python scripts, which were modified from previously used code15, 

were used to analyze deep sequencing data. A 19-nt sequence (the 15-nt 
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barcode and 4-nt sequence located upstream of the barcode) was used to 

identify each guide RNA and target sequence pair. Indels were considered to be 

xCas9-, SpCas9-NG-, or SpCas9-induced mutations if they were located at 

positions around the expected cleavage site (i.e., the 8-nt region centered on the 

middle of that site). To eliminate background indel frequencies that were the 

result of array-synthesis and PCR amplification, we subtracted the indel 

frequency determined in the absence of Cas9 delivery from the observed indel 

frequency to normalize it according to the function:  

 

 

 

Deep sequencing data were filtered in a manner similar to that used in a 

previous study24 to improve the accuracy of our analysis; specifically, target 

sequences with deep sequencing read counts less than 200 and background indel 

frequencies greater than 8% were excluded.  

 

9. Convolutional neural network 

A convolutional neural network (CNN) is a type of feed-forward artificial 

neural network25. The key aspect of CNNs is that they can learn hierarchical 

spatial representations, rather than relying on laborious manual feature 

engineering. The architectural components of a CNN include three types of 

layers: convolution layers, pooling layers, and fully connected layers. In the 

convolution layers, weight vectors called filters are multiplied across the 

sub-regions of the entire data. They enable CNNs to discover locally correlated 

patterns regardless of their locations in the data. The pooling layers perform the 

maximum or average subsampling of non-overlapping sub-regions, providing 
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invariance to local transitions. The fully connected layers aggregate local 

features into more highly-abstract features by computing weighted sums and 

applying non-linear functions.  

   Designed to analyze spatial information, CNNs have made major advances 

in various tasks such as image recognition and natural language processing25. 

The amount of data required for proper CNN model development can vary 

considerably depending on the objectives of each task, the data complexity, and 

other factors; nevertheless, a rough rule of thumb is that 5,000 labeled examples 

per category would generally be sufficient for acceptable performance26. In 

bioinformatics, CNNs are also showing great promise for genomic sequence 

analysis27. Traditional approaches in genomic sequence analysis often 

incorporate hard-coded position weight matrices (PWMs) to identify regulatory 

motifs. On the other hand, an initial convolution layer in a CNN corresponds to 

motif detectors where PWMs are not hard-coded but solely learned from data. 

Prior studies have demonstrated that CNNs can outperform state-of-the-art 

methods in diverse applications, including predictions of transcription factor 

binding affinity28 and DNA sequence accessibility29.  

 

10. DeepCpf1 design 

DeepCpf1 is a deep learning framework for AsCas12a indel frequency 

prediction. DeepCpf1 receives a 34 bp target sequence as input, and it produces 

a regression score that highly correlates with AsCas12a activity. In contrast to 

previous approaches15, 19, 20, 30-35 that relied heavily on hand-crafted features (e.g. 

k-mer counts, melting temperature, and free energy), DeepCpf1 eliminates the 

need for laborious manual feature engineering, leveraged by the use of a CNN. 

DeepCpf1 can thus automatically learn informative representations of target 

sequences relevant to AsCas12a activity profiles.  

   DeepCpf1 was implemented using Theano36 and Keras (http://keras.io) 

libraries. Fig. 16 shows an overview of DeepCpf1, which proceeds in five 
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stages. (1) The one-hot encoding input layer converts the sequence into 

numerical representations for downstream processing. It encodes the nucleotide 

in each position as a 4-dimensional binary vector, in which each element 

represents the type of nucleotide: A, C, G, and T. The encoding layer then 

concatenates the binary vectors into a 4-by-34 dimensional binary matrix 

representing the whole 34 bp target sequence. (2) The convolution layer 

performs one-dimensional convolution operations with 80 filters of length 5. 

The filters slide along only one axis (i.e. sequence length) of the one-hot 

encoded matrix containing the four nucleotide channels. This process is 

equivalent to scanning learned PWMs across the target sequence in 

conventional techniques. The convolution layer then applies the rectified linear 

unit (ReLU) non-linear function [f(x) = max(0,x)] to the convolution outputs. 

The pooling layer computes the average in each of the non-overlapping 

windows of size 2, providing invariance to local shifts and reducing the number 

of parameters. (3) DeepCpf1 uses three fully connected layers with 80, 40, and 

40 units, respectively. Each unit in the fully connected layers performs linear 

transformations of the outputs of the previous layer, and applies the ReLU 

non-linear function. Multiple non-linear layers enable the model to learn 

hierarchical representations of data with increasing levels of abstraction. (4) The 

chromatin accessibility integration layer incorporates the sequence 

representations with the chromatin accessibility information of the target 

sequence. It uses another fully connected layer with 40 units to transform the 

1-dimensional binary chromatin accessibility input to a 40-dimensional real 

vector, which matches the output shape of the last fully connected layer. Then, it 

integrates the 40-dimensional chromatin accessibility and sequence 

representation vectors by performing element-wise multiplication. (5) The last 

stage, the regression output layer, performs a linear transformation of the 

outputs of the chromatin accessibility integration layer and makes a prediction 

of AsCas12a activity. 
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11. Training of DeepCpf1 

We trained the proposed model in two main steps: (1) Model selection and 

pre-training of the entire architecture (we denote the model that has been trained 

up to this step as Seq-deepCpf1), and (2) Fine-tuning with endogenous target 

data considering an additional chromatin accessibility input, which led to the 

development of DeepCpf1 (the final outcome of the training process). In both 

steps, we optimized the mean squared error loss function using the Adam37 

optimizer and used dropout38 for the model regularization with a 0.3 dropout 

rate.  

   Model selection and pre-training. First, we split data set HT 1 into data sets 

HT 1-1 (n = 15,000) and HT 1-2 (n = 1,292) by random sampling; HT 1-1 was 

used for model selection and pre-training, and HT 1-2 was only used to evaluate 

the performance of Seq-deepCpf1 and never used in the training. To 

demonstrate the reliability of the model selection process, we then conducted 

nested cross validation (CV) with data set HT 1-1. In each fold of the outer 

10-fold CV, we randomly constructed training datasets with different sizes (i.e. 

n = 1,000, 2,000, 4,000, 8,000, and 13,500) to evaluate the performance 

improvements associated with different sizes of training datasets. Each training 

dataset was used for the following model selection in the inner 5-fold CV and 

for training of the selected model. Of note is that the validation dataset (n = 

1,500) was fixed for all of the training datasets of different sizes within the 

same fold of the outer CV. In each fold of the inner CV, the respective training 

and validation datasets were used to train and validate 180 model candidates 

with different hyperparameter configurations of the number of filters, filter 

lengths, the number of fully connected layers, and the number of units in each 

fully connected layer.  

   After verifying the expected performance of the proposed model (Fig. 13), 

we carried out the final model selection with data set HT 1-1 using 5-fold CV. 



17 
 

Among the 180 model candidates with different hyperparameter configurations, 

we selected the model that showed the minimum average validation loss as the 

final model for Seq-deepCpf1. We then pre-trained the final model (102,681 

free parameters) again with data set HT 1-1, learning informative 

representations of target sequences relevant to AsCas12a activity profiles. 

   Fine-tuning of DeepCpf1. To take chromatin accessibility as well as the 

learned sequence representations into account, we adopted an additional 

chromatin accessibility integration layer right before the regression output layer. 

During the fine-tuning, we then optimized the mean squared error loss function, 

only updating the weight parameters in the last two layers (121 free parameters). 

By fixing the weight parameters in the other layers, DeepCpf1 could avoid 

overfitting and effectively learn to incorporate the sequence representations 

with the chromatin accessibility information.  

 

12. Comparison with conventional machine learning models 

To evaluate DeepCpf1, we compared its prediction performance with that of the 

following learning models that previously showed state-of-the-art Cas9 activity 

prediction, i.e. L1-regularized linear regression, L2-regularized linear regression, 

L1L2-regularized linear regression, and gradient-boosted regression tree 

(Boosted RT)20, and an algorithm that was previously used for Cas12a activity 

prediction, i.e. logistic regression classifier-based CINDEL15. Note that, because 

CINDEL is a classification model rather than a regression model, we used 

binary labels in this case, such that we assigned 1 to the top 20th percentile and 0 

to the rest. 

For featurization of nucleotide sequences, we used a previously described 

feature extraction procedure15, 20, which included position- independent 

nucleotides and dinucleotides, position-dependent nucleotides and dinucleotides, 

melting temperature, GC counts, and the minimum self-folding free energy. 

Implementation of each model used scikit-learn37 and the Keras (http://keras.io) 



18 
 

library. We performed nested cross-validation for model selection among the 

regularization parameter and hyperparameter configurations, the number of 

which is comparable to the number of hyperparameter configurations used for 

the development of Seq-deepCpf1 (180). For L1-, L2-, L1L2-regularized linear 

regression, and CINDEL, we searched over 250 points that were evenly spaced 

between 10-6 and 106 in log space to optimize the regularization parameter. For 

the Boosted RT, we searched over 225 models selected from the following 

hyperparameter configurations: the number of base estimators (chosen from [50, 

100, 150, 200]), the maximum depth of the individual regression estimators 

(chosen from [2, 4, 6, 8, 10]), the minimum number of samples to split an 

internal node (chosen from [2, 4]), the minimum number of samples to be at a 

leaf node (chosen from [1, 2]), and the maximum number of features to consider 

when looking for the best split (chosen from [all features, the square root of all 

features, the binary logarithm of all features]). 

 

13. DeepxCas9 and DeepSpCas9-NG development 

DeepxCas9 and DeepSpCas9-NG are deep learning-based computational 

models that predict xCas9 and SpCas9-NG activity, respectively. xCas9- and 

SpCas9-NG-induced indel frequencies at 25,266 and 25,154 target sequences, 

respectively, comprised the training data; during the model selection phase, 

were used for 10-fold cross validation. One-hot encoding was used to convert 

30 nt-long input sequences, which were made up of 4-nt left neighbor, 20-nt 

protospacer, 4-nt protospacer adjacent motif, and 2-nt right neighbor sequences, 

into a four-dimensional binary matrix (Fig. 20). DeepxCas9 and 

DeepSpCas9-NG contain one convolutional layer and one pooling layer at the 

front, and three fully connected layers, each with a dropout rate of 0.3. An 

inception module with a total of 450 filters (3 sets of filters at 4, 6, and 9 nts in 

length) was included in the adopted convolutional layer. ReLU activation 

functions were used in the pooling layer and three fully connected layers. A 
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total of 396 different models were tested in our study; the model and training 

epoch that produced the highest validation score calculated using Spearman 

correlation coefficients between the experimentally measured and predicted 

activity levels were chosen. After choosing the optimal parameters, we trained 

the final model using the full training data set with selected parameters. 

TensorFlow39 was used to implement DeepxCas9 and DeepSpCas9-NG. 

 

14. CNN with multiple filter sizes 

Because the best filter size is unknown for each layer of a CNN, the filter size 

should be determined experimentally in the model selection phase. To overcome 

this manual process, an inception module, in which various sizes of filters are 

used in one layer, was used in GoogLeNet40 , as shown in Fig. 20. Therefore, we 

adopted a CNN with multiple filter sizes as our Deep learning model structure. 

 

15. Statistical significance 

To compare the indel frequencies induced by the different sgRNA expression 

formats, we used the two-tailed paired t-test or “Student’s” t-test under the null 

hypothesis that the indel frequencies of the two groups are the same. We used 

one-way Analysis of Variance (ANOVA) followed by Tukey’s post hoc test for 

the comparison of indel frequencies between different PAM groups. For 

comparing the Spearman correlations between prediction scores of two models, 

we used Steiger's test, which is used for testing two dependent correlation 

coefficients from the same dataset, thus, sharing one variable (i.e. measured 

indel frequencies) in common. Statistical significance was determined using 

SciPy library (http://scipy.org), PASW Statistics (version 18.0, IBM) and 

Microsoft Excel (version 16.0, Microsoft Corporation). 
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III. RESULTS 

 

1. High-throughput evaluation of xCas9 and SpCas9-NG activities using 

paired libraries 

To characterize the two Cas9 variants, xCas9(3.7)14 and SpCas9-NG41, we 

adopted and modified the high-throughput evaluation methods that we 

previously used to study the activity of CRISPR-Cpf1 (also called Cas12a)15, 24. 

Two lentiviral plasmid libraries named library A and B, containing 15,441 and 

25,145 pairs of guide and corresponding target sequences, respectively, were 

prepared from oligonucleotide pools (see Materials and methods section). 

Library A includes 6,320 pairs for PAM sequence determination with fixed 

protospacer sequences and 4,728 pairs for activity evaluation at mismatched 

target sequences In library B, synthetic target sequences and target sequences 

chosen from various endogenous sequences in human cells were used for the 

pairs to extensively evaluate xCas9, SpCas9-NG, and SpCas9 activities at a 

wide range of target sequences, which included 592 five-nucleotide PAM 

sequences. HEK293T cells were treated with lentivirus produced from these 

plasmid libraries to construct cell libraries, in which each cell expresses a 

single-guide RNA (sgRNA) and contains the corresponding integrated target 

sequence in its genome (Fig. 1a). The cell libraries were treated with the same 

titer of either xCas9-, SpCas9-NG-, or SpCas9-encoding lentivirus, which led to 

cleavage and indel formation at the integrated target sequences with frequencies 

that depended on the activity of the Cas9 nuclease and sgRNA. Because codon 

usage affects the expression level of Cas9 proteins42, 43, we used the same 

codons, based on the extensively optimized SpCas9 nucleotide sequence, for 

xCas9, SpCas9-NG, and SpCas91, 43, with the exception of the six codons in the 

xCas9 sequence and the seven codons in the SpCas9-NG sequence that differ 

from those of SpCas9; these variant codons were also selected based on 

suggestions from GenScript, which led to high expression levels of 
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SpCas9-base editors in previous studies42, 43. Three and six days after 

transduction with xCas9-, SpCas9-NG-, or SpCas9-expressing lentivirus, 

genomic DNA was isolated from the cells and subjected to analysis; the 

integrated target sequences were amplified by PCR and analyzed by 

high-throughput DNA sequencing to evaluate indel frequencies (Fig. 1a). 

 

 
Figure 1. High-throughput evaluation of xCas9, SpCas9-NG, and SpCas9 

activity. (a) Schematic representation of the high-throughput evaluation of 

xCas9, SpCas9-NG, and SpCas9 activity. Lentiviral libraries containing pairs of 

guide RNA-encoding sequences and their corresponding target sequences were 

transduced into HEK293T cells, generating cell libraries. Subsequent delivery 

of xCas9, SpCas9-NG, or SpCas9 into these cell library induced indels at the 
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integrated target sequences. The integrated target sequences were 

PCR-amplified and deep-sequenced to measure indel frequencies. (b, c) The 

correlations of indel frequencies measured at integrated sequences by the 

high-throughput approach and those at endogenous sites were determined using 

the xCas9-Endo dataset (b, n = 72) and a dataset from ref. 14 (c, n = 20). 

Spearman correlation coefficients (R) and Pearson correlation coefficients (r) 

are shown.  

 

 

We next evaluated the correlations of indel frequencies measured at 

integrated sequences by the high-throughput approach and those at endogenous 

sites determined by individual tests. To this end, we generated a data set, named 

xCas9-Endo, of xCas9-induced indel frequencies at 78 endogenous target sites, 

which were arbitrarily chosen without any prior information about the activity 

of the corresponding sgRNAs, through transient transfection of sgRNA- and 

xCas9-expressing plasmids. We observed a strong correlation between indel 

frequencies measured at endogenous sites and the corresponding integrated 

target sequences (Fig. 1b; Spearman correlation coefficient R = 0.90; Pearson 

correlation coefficient r = 0.80). Furthermore, when we determined this 

correlation using a previously published data set of indel frequencies at 

endogenous sites14, we also observed a strong correlation (Fig. 1c; R = 0.73, r = 

0.73). The chromatin accessibilities of lentivirally integrated sequences are 

expected to be consistently high44, whereas those of endogenous sites are highly 

variable. In Fig. 1b, the target sites were composed of 19 DNase I 

hypersensitivity (DHS) sites and 53 non-DHS sites. The observed strong 

correlation between indel frequencies at integrated sequences and endogenous 

sites in spite of the difference in the chromatin accessibility is compatible with 

previous findings that Cas9 activity is only slightly affected by chromatin 

accessibility, which is in contrast to that of Cpf1 (Cas12a), whose activity is 
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heavily influenced by chromatin accessibility45, 46. 

 

2. Optimized format of U6 promoter-driven sgRNA expression for 

maximizing xCas9, SpCas9-NG, and SpCas9 activities 

In all of the initial studies of xCas9 and SpCas9-NG activity in mammalian cells, 

all tested sgRNAs were expressed by a U6 promoter and contained a 20 

nucleotide (nt)-guide sequence with a G at the 5’ terminus that matched the 

target sequence14, 41 (hereafter, 20 nt-guide sequences with a matched or 

mismatched 5’ guanosine are referred to as “GN19” or “gN19”, respectively47, 48). 

However, the exclusive use of GN19 sgRNAs reduces the number of targetable 

sites to roughly one-fourth of the possible total because the G at the 5’ termini 

of GN19 sgRNAs would not match potential target sequences that start with an A, 

T, or C. If required, such target site restriction would attenuate one of the 

biggest advantages of xCas9 and SpCas9-NG, the expanded ranges of targetable 

sequences. Thus, we next evaluated whether U6 promoter-driven gN19 sgRNAs 

could be used with xCas9 and SpCas9-NG. To address this issue, we analyzed 

indel frequencies at 433 target sequences with a G at the 5’ terminus and 1,232 

sequences with an A, T, or C at the 5’ terminus three days after lentiviral 

delivery of xCas9, SpCas9-NG, or SpCas9 into library B. These target 

sequences were arbitrarily chosen without any prior information about xCas9, 

SpCas9-NG, or SpCas9 activities at those sequences. We found that the xCas9-, 

SpCas9-NG-, and SpCas9-induced indel frequencies were significantly higher 

in the GN19 group than in the gN19 group (Fig. 2a-2c), suggesting that a 

mismatch between a G at the 5’ end of the sgRNA and the first position of the 

target sequence would reduce nuclease activities for all three Cas9 nucleases. 

However, this difference in indel frequencies, albeit significant, was not drastic; 

the average xCas9-, SpCas9-NG-, and SpCas9-induced indel frequencies were 

only 1.2-fold, 1.2-fold, and 1.1-fold lower in the gN19 group (average 

xCas9-induced indel frequencies at day 3, 24% for GN19 v.s. 20% for gN19; 
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average SpCas9-NG-induced indel frequencies, 26% for GN19 v.s. 22% for 

gN19; average SpCas9-induced indel frequencies, 66% for GN19 v.s. 62% for 

gN19), indicating that gN19 sgRNAs can also be used with a only slight decrease 

in xCas9, SpCas9-NG, or SpCas9 activity. Because an A, T, or C at the 5’ 

termini of target sequences, mismatched with the G at the 5’ termini of the 

sgRNA, can reduce xCas9, SpCas9-NG, and SpCas9 activities, we could add an 

extra G to the sgRNA for U6 promoter-driven transcription, making the sgRNA 

(G/g)N20, where all 20 nucleotides of the protospacer sequence (N20) perfectly 

match the sgRNA guide sequence. However, adding this extra G or g to make 

the sgRNA (G/g)N20 led to 2.1-, 1.4-, and 1.1-fold significant decreases in 

xCas9, SpCas9-NG, and SpCas9 activities, respectively, as compared to those 

associated with (G/g)N19 (Fig. 2d-2f). Whether the extra guanosine in the 

(G/g)N20 sgRNA is a G (matched to the target DNA sequence) or a g 

(mismatched) did not affect the activities of these three Cas9 nucleases (Fig. 

2g-2i), which is compatible with a previous finding from a small scale study 

evaluating SpCas9 activity in plants48. At target sequences with an A, T, or C at 

the 5’ terminus, gN19 resulted in 2.0-, 1.4-, and 1.1-fold significantly higher 

xCas9-, SpCas9-NG-, and SpCas9-induced indel frequencies, respectively, as 

compared with (G/g)N20 (average xCas9-induced indel frequency, 21% for gN19 

v.s. 10% for (G/g)N20; average SpCas9-NG-induced indel frequency, 22% for 

gN19 v.s. 16% for (G/g)N20; average SpCas9-induced indel frequency, 63% for 

gN19 v.s. 55% for (G/g)N20; Fig. 3). Taken together, our results indicate that 

(G/g)N19 sgRNA could be used for efficient genome editing with xCas9, 

SpCas9-NG, and SpCas9, regardless of the nucleotide at the 5’ terminus of the 

target sequences. 
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Figure 2. Effects of sgRNA expression formats on xCas9, SpCas9-NG, and 

SpCas9 activities. In the boxes, the top, middle, and bottom lines represent the 

25th, 50th, and 75th percentiles, respectively, whiskers indicate the 10th and 90th 

percentiles, and individual values are shown as dots. Indel frequencies were 
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evaluated three days after transduction of lentivirus expressing xCas9, 

SpCas9-NG, or SpCas9. (a-c) Comparison of indel frequencies induced by 

(G/g)N19 sgRNAs complexed with either xCas9 (a), SpCas9-NG (b), or SpCas9 

(c). (G/g)N19 sgRNAs are denoted as GN19 or gN19 when the nucleotide at the 5’ 

termini of target sequences is a G or an H (i.e. A, C, or T), respectively. ***p = 

2.4 × 10−5, ***p = 1.3 × 10−7 and ***p = 6.1 × 10−4; two-tailed “Student’s” 

t-test; n = 432 and 1,232 target sequences for GN19 and gN19, respectively. (d-f) 

The effect of the sgRNA guide sequence length ((G/g)N19 v.s. (G/g)N20) on 

xCas9- (d), SpCas9-NG- (e), or SpCas9- (f) driven indel frequencies at 

lentivirally integrated target sequences. Target sequences with identical 

sequence compositions were analyzed to compare indel frequencies between the 

(G/g)N19 and (G/g)N20 groups. The 5’ guanosine of (G/g)N19 and (G/g)N20 

sgRNAs were matched (GN19, GN20; roughly 1/4 cases) or mismatched (gN19, 

gN20; roughly 3/4 cases) to the target sequences. ***p = 6.3 × 10−218 (d), ***p = 

4.4 × 10−121 (e), and 1.0 × 10−77 (f); n = 1,393 target sequences; two-tailed 

paired t-test. (g-i) Comparison of indel frequencies induced by xCas9 (g), 

SpCas9-NG (h), and SpCas9 (i) based on the presence of one-base mismatches 

between the 5’ terminal guanosine of a (G/g)N20 sgRNA and the corresponding 

nucleotide in the target DNA. NS = not significant; two-tailed “Student’s” t-test; 

n = 409 and 1,164 target sequences for GN20 and gN20, respectively.  
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Figure 3. Comparison of xCas9- (a), SpCas9-NG- (b), and SpCas9- (c) induced 

indel frequencies at HN19 target sequences three days after transduction. Guide 

sequences were 20 (gN19) or 21 ((G/g)N20) nucleotides long. ***p = 1.8 × 10−149, 

***p = 1.1 × 10−79 and 2.4 × 10−54; two-tailed “Student’s” t-test. n = 1,023 for 

xCas9, SpCas9-NG, and SpCas9. In the boxes, the top, middle, and bottom lines 

represent the 25th, 50th, and 75th percentiles, respectively, whiskers indicate the 

10th and 90th percentiles, and individual values are shown as dots. 

 

 

3. Determination of xCas9, SpCas9-NG, and SpCas9 PAM sequences using 

fixed protospacers 

We next determined xCas9, SpCas9-NG, and SpCas9 PAM sequences using our 

high-throughput approach. In the initial studies of xCas9 and SpCas9-NG, PAM 

sequences were mainly determined in bacterial cells14 and in vitro41, 

respectively; measurements of xCas9- and SpCas9-NG-induced indel 

generation in human cells were only performed at 20 and 69 target sequences, 

respectively14, 41 and PAM sequence compatibility was not extensively 

investigated in human cells. To determine whether a candidate sequence is a 

functional PAM for the three Cas9 variants in human cells, we examined indel 

frequencies for 79 potential PAM sequences using 80 fixed protospacer 

sequences that had been previously shown to lead to uniformly high levels of 

SpCas9-induced indel frequencies (unpublished data). As candidate PAMs, we 
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first considered NNN sequences (4 × 4 × 4 = 64 sequences), a set that includes 

all of the previously identified compatible PAM sequences for the three Cas9 

variants. To test the possibility that nucleotides that follow an NNN PAM might 

also influence Cas9 activities, we also tested AGGNN (4 × 4 = 16 sequences) as 

the PAM sequences, in which the first three nucleotides were arbitrarily fixed as 

AGG, one of the four NGG PAM sequences. We did not test all NNNNN PAM 

candidates, because testing 45 = 1,024 candidates with 80 protospacers would 

require testing 81,920 target sequences. This approach of fixing some candidate 

PAM nucleotides was also previously used to determine Cas12a PAM 

sequences15. Thus, we examined 79 (64 in the NNNAT category + 16 in the 

AGGNN category – 1 redundant AGGAT) different five-nucleotide PAM 

sequences using 80 fixed GN19 sgRNA sequences; indel frequencies at a total of 

6,320 (=79 × 80) target sequences were evaluated (Fig. 4) using library A. After 

excluding a minor fraction of target sequences due to low sequencing read 

counts, the mean number of analyzed target sequences per PAM sequence was 

75, (ranging 67 to 79). Among the 79 tested PAMs, those that resulted in 

average indel frequencies higher than 5% at day three after transduction of 

lentivirus expressing Cas9 variants at five MOI (multiplicity of infection) were 

considered to be PAMs. 

 

 

 

Figure 4. Schematic of experimental design for PAM sequence determination 

using fixed protospacers. A total of 79 different PAM sequences (64 in the 
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NNNAT category + 16 in the AGGNN category – 1 redundant AGGAT) were 

evaluated using 80 different pairs of guide RNA and protospacer sequences by 

analyzing the indel frequencies in the 6,320 (= 79 × 80) target sequences three 

days after lentiviral delivery of xCas9, SpCas9-NG, or SpCas9. 

 

 

We first evaluated the indel frequencies induced by the three Cas9 nucleases 

at targets with an NGG PAM. We found that xCas9 induced the highest indel 

frequencies at targets with an AGGCA PAM by a significant margin; 

AGGC(C/G/T) comprised the second best PAM group for xCas9 (Fig. 3a). The 

remaining NGG(A/G/T)N PAM sequences resulted in the third highest 

xCas9-induced indel frequencies. Within this third set of PAMs, six subsets with 

statistically significant differences in xCas9-induced indel frequencies were 

identified, and some PAM sequences were found in more than one subset (Fig. 

5a, subsets e ~ j). In contrast to xCas9, however, SpCas9-NG induced 

significantly higher indel frequencies at targets with an NGG(A/G/T)N PAM 

than at those with an AGGCN PAM. Similar to xCas9, SpCas9-NG nuclease 

activity varied in a complex, graduated manner depending on the NGGNN PAM 

sequence. Within the set of NGG(A/G/T)N PAM sequences, four subsets 

associated with statistically significant differences in SpCas9-NG-induced indel 

frequencies were identified, and some PAM sequences were found in more than 

one subset (Fig. 5b, subsets a ~ d). However, this clear variation of xCas9- and 

SpCas9-NG-induced indel frequencies within the set of NGGNN PAMs was 

barely observed for SpCas9; all analyzed NGGNN PAM sequences showed 

similar SpCas9-induced indel frequencies (Fig. 5c).  

When we analyzed the effects of the first, fourth, and fifth nucleotides in the 

NGGNN PAMs on xCas9, SpCas9-NG, and SpCas9 activities, we found that 

nucleotides at all three positions affected xCas9-induced indel frequencies (Fig. 

5d, e; Fig 6a), whereas only the fourth nucleotide influenced SpCas9-NG- and 
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SpCas9-directed indel frequencies (Fig. 5f-5i; Fig 6b, c). One noticeable point 

is that the three nucleases exhibited different preferences for the fourth 

nucleotide; xCas9 showed the highest activity when the fourth nucleotide was a 

C, whereas SpCas9-NG had the highest activity when it was a D (not C, i.e., 

A/G/T) and SpCas9 revealed the highest activity, by a slight amount, when it 

was an H (not G, i.e., A/C/T). Other noticeable points for xCas9 include the 

following: i) if the fourth nucleotide was a C, the highest xCas9 activity was 

observed when the fifth nucleotide was an A, and ii) the nucleotides in the first 

position that led to the highest xCas9 activity were G/C rather than A. Thus, the 

most potent xCas9 PAM sequence in this group may be (G/C)GGCA, despite 

the fact that this sequence was not included in the 79 tested PAMs. Indeed, 

direct evidence supporting that (G/C)GGCA is the most potent xCas9 PAM 

sequence was obtained in the second round of PAM analysis, which is described 

below.  
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Figure 5. PAM sequence determination using fixed protospacers for xCas9, 

SpCas9-NG, and SpCas9 in human cells. (a-c) Indel frequencies in the target 

sequences with different potential PAM sequences for xCas9 (a), SpCas9-NG 

(b), and SpCas9 (c). Out of 79 potential PAM sequences, those that resulted in 

average indel frequencies higher than 5% by day 6 are shown ordered by 

decreasing average indel frequency. PAM sequences were grouped and distinct 

groups are indicated using different colors. In the sequence group names, 

variable and fixed nucleotides are indicated with bold black and regular gray 

fonts, respectively. Subsets of PAM sequences without statistically significant (p 

< 0.05, ANOVA followed by Tukey’s post hoc test) differences in indel 

frequencies are represented with letters such as a, b, c, ..., and x. In the boxes, 

the top, middle, and bottom lines represent the 25th, 50th, and 75th percentiles, 

respectively, whiskers indicate the 10th and 90th percentiles, and outliers are 
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shown as individual dots. n = 67 ~ 79 target sequences per PAM sequence. (d-i) 

Indel frequencies for four different AGGN (d, f, h) and NGGAT (e, g, i) PAM 

sequences after the lentiviral delivery of xCas9 (d, e), SpCas9-NG (f, g), or 

SpCas9 (h, i). In the boxes, the top, middle, and bottom lines represent the 25th, 

50th, and 75th percentiles, respectively, whiskers indicate the 10th and 90th 

percentiles, and outliers are shown as individual dots. n = 298 ~ 302 (d, f, h) 

and 72 ~ 78 (e, g, i) target sequences per PAM sequence. *p < 0.05, **p < 0.01, 

and ***p < 0.001 by ANOVA followed by Tukey’s post hoc test. 

 

 

 

Figure 6. The effects of the fourth and fifth nucleotides in the PAM sequence on 

xCas9-, SpCas9-NG-, and SpCas9-induced indel frequencies. Indel frequencies 

were measured three days after transduction of xCas9, SpCas9-NG, and 

SpCas9-expressing lentivirus. On the x-axes, PAM sequences with the first 

three nucleotides fixed as AGG are shown ordered from left to right by 
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decreasing average indel frequency. On the y-axes, indel frequencies at the 

target sites with AGGNN PAM sequences are shown for xCas9 (a), SpCas9-NG 

(b), and SpCas9 (c). Subsets of PAM sequences without statistically significant 

(p < 0.05, ANOVA followed by Tukey’s post hoc test) differences in indel 

frequencies are represented with letters such as a, b, c, ..., and h. Furthermore, 

detailed statistical significances are shown for comparisons with the following 

PAM sequences for xCas9: v.s. AGGCA, ***p < 0.001; v.s. AGGTC, ###p < 

0.001; v.s. AGGGC, §§§p < 0.001; v.s. AGGAC, ‡p < 0.05 and ‡‡‡p < 0.001 as 

determined by ANOVA followed by Tukey’s post hoc test. In the boxes, the top, 

middle, and bottom lines represent the 25th, 50th, and 75th percentiles, 

respectively, whiskers indicate the 10th and 90th percentiles, and outliers are 

shown as individual dots. n = 73 ~ 78 target sequences per PAM sequence. 

 

 

We next evaluated the activities of the three Cas9 nucleases at sites with 

non-NGG PAMs. In all three nuclease groups, non-NGG PAM sequences were 

generally associated with lower indel frequencies than were NGG PAMs, with 

one exception: NGT, a subset of the non-NGG PAM set, led to higher 

SpCas9-NG-induced indel frequencies than did AGGCN, a subset of the NGG 

PAM set. In the search for potential non-NGG PAMs for xCas9, we found 

average indel frequencies of 8.5% and 7.9% at sites with NGA and NGT PAM 

sequences, respectively (Fig. 5a), indicating that NG(A/T) is a representative 

non-NGG PAM for xCas9 in mammalian cells. Furthermore, the average indel 

frequencies at sites with GGCat, CGCat, TGCat, and AGCat PAMs were 7.3%, 

6.0%, 5.1%, and 4.1% (the average of these four: 5.6%) and those with GAGat, 

CAGat, AAGat, and TAGat were 9.8%, 5.3%, 3.1%, and 1.9% (the average of 

these four: 5.0%), indicating that (C/G/T)GC (or, more broadly, NGC) and 

(C/G)AG (or, more broadly, NAG) are functional, albeit weak, PAMs for xCas9. 

In contrast, SpCas9-NG induced an average indel frequency of 47% at sites 
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with NGT PAM sequences (Fig. 5b), suggesting that NGT is a strong non-NGG 

PAM for this nuclease. Next to NGT in effectiveness, NGA and NGC resulted 

in 40% and 35% average indel frequencies, respectively, corroborating that 

NGN is the PAM for SpCas9-NG41. In addition to NG PAM sequences, we also 

found novel PAM sequences for SpCas9-NG; the average indel frequencies at 

sites with NAG and NA(A/C/T) PAM sequences were 31% and 18%, 

respectively, suggesting that NAN can serve as a PAM for SpCas9-NG. 

Furthermore, we found that the average indel frequencies at sites with NTG, 

GT(A/C/T), and (A/G/C)CG PAMs were 16%, 8.7%, and 8.3%, respectively, 

suggesting that these sites also serve as PAMs for SpCas9-NG. Finally, we 

found that SpCas9 induced average indel frequencies of 29% and 23% at sites 

with NAG and NGA PAM sequences, respectively (Fig. 5c), indicating that 

these are non-NGG PAMs for SpCas9. Two previous studies about the ability of 

NAG and NGA sequences to serve as PAMs for SpCas9 led to rather conflicting 

conclusions based on a limited number of protospacer sequences49, 50. Our study 

provides compelling evidence that both NAG and NGA are, indeed, PAMs for 

SpCas9, albeit weaker than NGG, a result that is compatible with results from 

both studies. Furthermore, the average indel frequencies for sites with GGT, 

(G/C/T)GC, and (A/G)TG PAMs were 15%, 10%, and 9.2%, respectively, 

suggesting additional novel non-NGG PAM for SpCas9. When we performed an 

additional experimental replicate using one MOI of lentivirus expressing Cas9 

variants, we observed that the relative compatibility of PAM was consistent 

albeit the absolute values of indel frequency proportionally decreased (Fig. 7). 
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Figure 7. The correlation of PAM compatibilities between two experiments 

with different Cas9 concentrations. Indel frequencies were measured three days 

after transduction of xCas9, SpCas9-NG, and SpCas9-expressing lentivirus at 

either five or one MOI (Multiplicity of infection). Each dot represents the 

average xCas9-, SpCas9-NG-, and SpCas9- induced indel frequencies at target 

sequences from the same PAM sequence group. We examined 79 (64 in the 

NNNAT category + 16 in the AGGNN category – 1 redundant AGGAT) 

different five-nucleotide PAM sequences using 80 fixed GN19 sgRNA 

sequences; indel frequencies at a total of 6,320 (=79 × 80) target sequences 

were evaluated. 

 

 

4. PAM analysis using a wider range of PAM sequences and protospacers 

After our initial analysis of 79 potential PAM sequences using 80 fixed, 

identical protospacer sequences, we next conducted another round of PAM 

analysis using a wider range of PAM sequences and protospacers based on the 

data obtained from library B. In the initial studies of xCas9 and SpCas9-NG, 27 

out of the 64 possible three-nucleotide sequences were never identified as 

potential PAMs for either nuclease in vitro, in bacterial cells, or in eukaryotic 

cells14, 41. Furthermore, more importantly, these 37 sequences were also not 

identified as PAMs for any of the three Cas9 nucleases in our initial analysis 

that involved evaluation using all 64 possible three-nucleotide sequences 
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(NNN) as described above. Thus, for the second around of PAM analysis, we 

focused on the 37 (= 64 – 27) three-nucleotide sequences that were suggested to 

be PAMs for any of the three Cas9 nucleases either in our initial analysis or in 

the previous studies in vitro, in bacterial cells, or in eukaryotic cells. These 37 

selected PAM sequences were NGN, NAG, GAN, ACG, ATG, CAA, CCG, GTG, 

TTG, CAT, TAT, TAA, CAC, CTG, GCG, TCG, and GTA. We randomly selected 

target sequences from the human genome that contained the 37 three-nucleotide 

PAM sequences so that diverse protospacers and various nucleotides in the 

fourth and fifth positions could be assessed. To determine five-nucleotide PAM 

sequences, we evaluated the average xCas9, SpCas9-NG, and SpCas9-induced 

indel frequencies for 592 (= 37 three-nucleotide PAM sequences × 42) 

five-nucleotide PAM sequences. Seven out of all of the possible 592 

five-nucleotide PAM sequences were omitted from the analysis due to random 

selection of target sequences and low sequencing read counts. In the resulting 

585 five-nucleotide PAM sequences, the mean of analyzed target sequences per 

four-nucleotide and five-nucleotide PAM sequence was 129 (ranging 9 to 906) 

and 33 (ranging 3 to 351), respectively. 

When we evaluated xCas9-induced indel frequencies, 93 of the top 95 

five-nucleotide PAM sequences that showed average indel frequencies higher 

than 10% were all included in the group of NGG, NG(A/T), (G/C)AG, and 

(G/C/T)GC PAMs (Fig. 8a), all of which were suggested above as PAM 

sequences by analysis using fixed protospacers. The two remaining PAM 

sequences from the top 95, AGCCA and CAACG, were associated with indel 

frequencies of 12% and 11%, respectively. This result is compatible with our 

previous finding that AGC and CAA can act as xCas9 PAMs in bacterial cells14. 

The PAM sequences that led to the highest average indel frequencies were 

GGGCA, CGGCA, AGGCA, and TGGCA; they resulted in average indel 

frequencies of 39%, 34%, 33%, and 32%, respectively. This result is perfectly 

in line with our PAM analysis with fixed protospacers described above, which 
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suggested that (G/C)GGCA is the most potent PAM sequence. Interestingly, 

most of the non-NGG PAM sequences for xCas9 in the top 95 five-nucleotide 

PAM sequences, such as NG(A/T), (G/C)AG, and (G/C/T)GC, had a C at the 

fourth nucleotide position, and NGGC, NG(A/T)C, (G/C)AGC, and 

(G/C/T)GCC led to higher average indel frequencies compared with 

NGG(A/G/T), NG(A/T)(A/G/T), (G/C)AG(A/G/T), and (G/C/T)GC(A/G/T), 

respectively (average indel frequencies; NGGC v.s. NGG(A/G/T), 28% v.s. 

16%; NG(A/T)C v.s. NG(A/T)(A/G/T), 13% v.s. 5 %; (G/C)AGC v.s. 

(G/C)AG(A/G/T), 12% v.s. 5.7%; (G/C/T)GCC v.s. (G/C/T)GC(A/G/T), 7.0% 

v.s. 4.0%). In addition, we observed 22 more complex and harder-to-categorize 

five-nucleotide PAM sequences that led to indel frequencies higher than 5%, 

which included AGCCA (12%), CAACG (11%), GAACA (9.7%), AAGGC 

(9.3%), AAGCA (9.1%), GAACC (8.8%), AGCCG (8.7%), TAGGC (7.5%), 

TAGCA (7.2%), CATCG (7.1%), GATCA (6.9%), ACGGC (6.7%), AGCCC 

(6.6%), CAACA (6.5%), CAACC (5.9%), GACCA (5.5%), AAGCC (5.5%), 

GATTC (5.4%), AAGAC (5.4%), ACGTC (5.2%), CATCC (5.2%), and 

AAGCT (5.2%), results that are compatible with our previous findings that 

AGC, CAA, GAA, AAG, TAG, CAT, GAT, ACG, and GAC can be xCas9 PAM 

sequences in bacterial cells14.  

We also determined the average SpCas9-NG-induced indel frequencies for 

592 five-nucleotide PAM sequences. The top 455 five-nucleotide PAM 

sequences that showed average indel frequencies higher than 10% were all 

included in the group of NGN, NAN, NTG, GT(A/C/T), and (A/G/C)CG PAMs 

(Fig. 8b), all of which were suggested by the analysis above. In contrast to 

xCas9, the average SpCas9-NG-induced indel frequencies were lower when the 

fourth nucleotide was C as compared with D (i.e., A/G/T) across all evaluated 

PAM sequences (average indel frequencies; NGN(A/G/T) v.s. NGNC, 32% v.s. 

28%; NAN(A/G/T) v.s. NANC, 17% v.s. 13%; NTG(A/G/T) v.s. NTGC, 14% 

v.s. 8.9%; GT(A/C/T)(A/G/T) v.s. GT(A/C/T)C, 10% v.s. 10%; 
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(A/G/C)CG(A/G/T) v.s. (A/G/C)CGC, 7.5% v.s. 4.2%). In addition, this 

analysis of five-nucleotide PAMs revealed that TCG(A/G/T)G sequences 

(average indel frequency: 8.4%) serve as additional PAMs. We did not observe 

any other complex and harder-to-categorize five-nucleotide PAM sequences that 

led to indel frequencies higher than 5%, in contrast to the xCas9 situation.  

When we evaluated the average SpCas9-induced indel frequencies at sites 

with five-nucleotide PAM sequences, 241 of the top 243 PAM sequences that 

showed indel frequencies higher than 10% were all included in the group of 

NGG, NAG, NGA, GGT, (G/C/T)GC, (A/G)TG and N(C/T)GG PAMs, which, 

except for N(C/T)GG, were suggested by the analysis above. These results are 

partially in line with two previous high-throughput PAM evaluations in bacterial 

cells, which indicated that N(C/T)GG, but not GGT or (G/C/T)GC, are the PAM 

sequences for SpCas95, 12. The two remaining PAM sequences from the top 243, 

AGCCA and CTGCA, were associated with indel frequencies of 16% and 10%, 

respectively. Among the top 243 PAM sequences, PAMs in the NGG category 

ranked from 1 to 64 and were clearly distinguished from the rest (Fig. 8c), 

corroborating that NGG is the most effective PAM sequence for SpCas9. In 

contrast to xCas9 and SpCas9-NG, SpCas9 did not exhibit a preference for 

specific nucleotides at the fourth position, with the exception of (A/G)TG and 

N(C/T)GG (average indel frequencies; NGGG v.s. NGG(A/C/T), 56% v.s. 62%; 

NAGG v.s. NAG(A/C/T), 24% v.s. 21%; NGAG v.s. NGA(A/C/T), 15% v.s. 

16%; GGTG v.s. GGT(A/C/T), 8.6% v.s. 9.4%; (G/C/T)GCG v.s. 

(G/C/T)GC(A/C/T), 6.9% v.s. 7.2%; (A/G)TGG v.s. (A/G)TG(A/C/T), 22% v.s. 

7.3%; N(C/T)GG v.s. N(C/T)G(A/C/T), 18% v.s. 3.4%). In addition, as for 

xCas9, we observed 14 complex and harder-to-categorize five-nucleotide PAM 

sequences that led to SpCas9-induced indel frequencies higher than 5%, which 

included AGCCA (16%), CTGCA (10%), TGTCA (8.0%), GCGCA (7.5%), 

GCGCT (7.0%), GCGTT (6.8%), AGCCC (6.5%), CGTCA (5.7%), GCGTA 

(5.7%), AGCCG (5.6%), GCGTC (5.6%), AGTCA (5.4%), AGCAC (5.2%) and 
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AGCTC (5.1%).  

We next directly compared the indel frequencies induced by xCas9, 

SpCas9-NG, and SpCas9 at sites with different subsets of PAMs (Fig. 8d-f). 

SpCas9 showed the highest activity at sites with NGG PAMs, whereas xCas9 

showed higher activity than did SpCas9 at sites with GGTC and (A/C/T)GT 

PAMs. SpCas9-NG had higher activities than did SpCas9 at sites with most 

non-NGG PAMs except for N(C/T)GG and (A/G/C)CGG. Compared to xCas9, 

SpCas9-NG showed higher activities at sites with all analyzed PAM sequences 

except for NGGC.  
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Figure 8. PAM sequence determination for xCas9, SpCas9-NG, and SpCas9 

using a wider range of protospacers and PAM sequences. (a-c) Heat maps 

showing average indel frequencies in the target sequences with different 

potential PAM sequences for xCas9, SpCas9-NG, and SpCas9 three days after 

the transduction of lentivirus expressing xCas9, SpCas9-NG, or SpCas9. The 

indel frequencies were normalized to the highest frequency in each heat map. 

Out of all of the 1,024 possible five-nucleotide PAM sequences, 585 were 
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analyzed; PAM sequences excluded from the analysis are shown in gray; n = 3 

~ 306 (mean: 33) target sequences per PAM sequence. (d-f) Comparison of 

xCas9-, SpCas9-NG-, and SpCas9-induced indel frequencies three days after 

transduction of lentivirus expressing either xCas9, SpCas9-NG, or SpCas9. 

Distinct PAM sequence groups are indicated using different colors and symbols. 

Each dot represents the average xCas9-, SpCas9-NG-, and SpCas9- induced 

indel frequencies at target sequences with PAMs from the same four-nucleotide 

PAM sequence group. The red dashed line represents y = x. The scales of both 

the x- and y-axis are linear from 0% to 10% and exponential from 10% to 

100%. 

 

 

Guided by our findings of novel PAMs for SpCas9-NG and SpCas9, we 

investigated whether we could edit endogenous human genomic sites that would 

not have been considered likely candidates prior to the current study. We tested 

six disease-relevant endogenous sites with novel PAMs in HEK293T cells and 

observed indel frequencies ranging from 6.8% to 20% (Fig. 9, 10), confirming 

that the new information about PAM sequence compatibility revealed above can 

be used to expand targetable sites in the human genome. This expansion of 

PAM compatibility should also be very useful when these Cas9 variants are 

utilized for base editing in complex with deaminases51-53. When we conducted 

an additional experimental replicate using one MOI of lentivirus expressing 

Cas9 variants, we observed consistent relative compatibilities of PAM although 

the absolute values of indel frequency proportionally decreased (Fig. 11). 
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Figure 9. Examples of genome editing using SpCas9-NG at endogenous target 

sites with novel PAMs. HEK293T cells were transfected with a plasmid 

encoding SpCas9-NG and a plasmid encoding an RFX6- (a), NDUFS2- (b), or 

EYA1- (c) targeting sgRNA. The indel frequencies at the target sites, which were 

evaluated by deep sequencing 3.7 days after the transfection, are indicated in 

each case. The target sequences including neighboring sequences are shown at 

the top of each section, with the 20 nucleotide (nt) protospacers in bold and the 

protospacer adjacent motifs (PAMs) in bold and red. Diseases relevant to the 

target sequences are indicated at the bottom of each section. 
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Figure 10. Examples of genome editing using SpCas9 at endogenous target 

sites with novel PAMs. HEK293T cells were transfected with a plasmid 

encoding SpCas9 and a plasmid encoding an STK11- (a), GLA- (b), or 

SELENON- (c) targeting sgRNA. The indel frequencies at the target sites, which 

were evaluated by deep sequencing 3.7 days after the transfection, are indicated 

in each case. The target sequences including neighboring sequences are shown 
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at the top of each section, with the 20 nucleotide (nt) protospacers in bold and 

the protospacer adjacent motifs (PAMs) in bold and red. Diseases relevant to the 

target sequences are indicated at the bottom of each section. 

 

 

 

Figure 11. The correlation of PAM compatibilities between two independent 

experiments with different Cas9 concentrations. Indel frequencies were 

measured three days after transduction of xCas9, SpCas9-NG, and 

SpCas9-expressing lentivirus at either five or one MOI (Multiplicity of 

infection). Each dot represents the average xCas9-, SpCas9-NG-, and SpCas9- 

induced indel frequencies at target sequences from the same four- (a-c) and 

five- (d-f) nucleotide PAM sequence groups. We examined 148 four-nucleotide 

PAM sequences (a-c) and 576 five-nucleotide PAM sequences (d-f). The mean 

numbers of protospacer sequences per PAM sequence were 131 (a), 130 (b), 

129 (c), 33 (d), 33 (e), and 33 (f). 
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5. High-throughput profiling of xCas9, SpCas9-NG, and SpCas9 activities 

at mismatched target sequences  

One of the strengths of xCas9 is that it is associated with fewer off-target effects, 

a feature that has been suggested by evaluation of results using GUIDE-seq54 at 

eight target sequences14. GUIDE-seq analysis at two target sequences has also 

revealed that SpCas9-NG is active at a similar or slightly higher number of 

off-target sites41 when compared to SpCas9. However, for both xCas9 and 

SpCas9-NG, there are several related unknown issues, such as which 

protospacer positions are important for the mismatch intolerance, what type of 

mismatches affect nuclease activities, and how many nucleotide mismatches can 

be tolerated. To address these issues, we first designed 5,952 sgRNA-target 

pairs (= 24 sgRNAs × 98 targets with AGGAT as an NGG PAM sequence + 20 

sgRNAs × 180 targets with non-NGG PAM sequences); these sgRNA sequences 

were selected from the 80 highly active sgRNAs used for the PAM 

determination with fixed protospacers. The target sequences contained various 

mismatches relative to each sgRNA, including all possible one-base mismatches 

at all positions in the targets with the NGG PAM and at two positions in the 

targets with the non-NGG PAM (Fig. 12a). This library of mismatched target 

sequences was designed to analyze the effects of number, position, and type of 

mismatched nucleotides on the activities of the three Cas9 nucleases at 

mismatched target sequences in comparison with those at matched sequences 

(details are described in the Materials and methods section). 
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Figure 12. Activities of xCas9, SpCas9-NG, and SpCas9 at mismatched target 

sequences. (a) Schematic of experimental design for evaluating activities of 

xCas9, SpCas9-NG, and SpCas9 at mismatched target sequences with an 

AGGAT PAM. A total of 98 different target sequences (60, 19, and 18 with one, 

two, and three mismatched nucleotide(s), respectively, and one with matched 

target sequences) were paired with 24 sgRNAs. Indel frequencies were 

evaluated at the 2,352 (= 24 × 98) target sequences six days after lentiviral 
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delivery of xCas9 or three days after lentiviral delivery of SpCas9-NG or 

SpCas9. (b) Effect of the mismatched nucleotide position on SpCas9, 

SpCas9-NG, and xCas9 activity at one-base mismatched target sequences with 

an AGGAT PAM. Relative indel frequencies normalized to those at fully 

matched target sequences are shown. The positions of mismatched nucleotides 

are numbered from 1 to 20, starting at the 3’ end of the protospacer region 

upstream of the PAM sequence. The relative indel frequencies induced by 

xCas9, SpCas9-NG, and SpCas9 at a specific position were compared and their 

statistical significances are indicated in the xCas9 and SpCas9-NG graphs: 

xCas9 v.s. SpCas9, *p < 0.05 and ***p < 0.001; SpCas9-NG v.s. SpCas9, *p < 

0.05 and **p < 0.01; xCas9 v.s. SpCas9-NG, #p < 0.05 and ###p < 0.001; as 

determined by repeated measures ANOVA followed by Tukey’s post hoc test; n 

= 23 ~ 30 target sequences per nucleotide position in each group. (c-f) Effect of 

mismatch type for target sequences with one-base mismatches in different 

regions (c-e) and effect of the number of mismatched bases (f) on the activities 

of xCas9, SpCas9-NG, and SpCas9 at mismatched target sequences with an 

AGGAT PAM. *p < 0.05, **p < 0.01, and ***p < 0.001 as determined by 

repeated measures ANOVA followed by Tukey’s post hoc test. (g) Effect of the 

mismatched nucleotide position on SpCas9, SpCas9-NG, and xCas9 activity at 

one-base mismatched target sequences with non-NGGAT PAMs. Relative indel 

frequencies normalized to those at fully matched target sequences are shown. 

The positions of mismatched nucleotides are numbered from 1 to 20, starting at 

the 3’ end of the protospacer region upstream of the PAM sequence. The relative 

indel frequencies induced by xCas9, SpCas9-NG, and SpCas9 at a specific 

position were compared and their statistical significances are indicated: *p < 

0.05, **p < 0.01, and ***p < 0.001; as determined by repeated measures 

ANOVA followed by Tukey’s post hoc test; n = 27 ~ 30 target sequences per 

nucleotide position in each group. (b-g) In the boxes, the top, middle, and 

bottom lines represent the 25th, 50th, and 75th percentiles, respectively, whiskers 
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indicate the 10th and 90th percentiles, and individual values are shown as dots. 

 

 

We analyzed the effect of one-base mismatches at each position in the 

protospacers with a fixed PAM sequence (AGGAT). We first found that the 

indel frequencies at all 24 matched target sequences three and six days after 

transduction of xCas9-encoding lentivirus were much lower than those three 

and six days after transduction of the SpCas9- or SpCas9-NG-expressing 

lentivirus. This result can be explained, at least partially, by considering that an 

NGG(A/G/T) PAM is preferred by SpCas9-NG, but not xCas9. Comparison of 

activities at mismatched target sequences can be biased when the activities at 

matched target sequences are drastically different between comparison groups. 

Thus, we compared indel frequencies at matched targets six days after treatment 

with a 5-fold higher titer (MOI 25) of xCas9-encoding lentivirus with those 

three days after lentiviral delivery of SpCas9-NG or SpCas9 (both MOI 5) and 

found that the indel frequencies induced by the three nucleases were all 

comparable for ten out of 24 sgRNAs. Thus, we compared indel frequencies at 

mismatched targets between cell populations collected six days after xCas9 

delivery and three days after SpCas9 and SpCas9-NG delivery for these ten 

sgRNAs. The relative frequencies of xCas9-induced indels at the mismatched 

target sequences normalized to those at fully-matched targets were significantly 

lower than those of SpCas9-NG and SpCas9 for all positions in the protospacers 

(Fig. 12b), suggesting that xCas9 has a much higher fidelity than SpCas9-NG 

and SpCas9. The relative frequencies of SpCas9-NG-induced indels were 

similar to or slightly lower than those induced by SpCas9, indicating that the 

tolerance of SpCas9-NG to mismatched targets is similar to that of SpCas9. 

Despite this difference in their general tolerance to one-base mismatches, 

xCas9, SpCas9-NG, and SpCas9 share a common feature: their mismatch 

tolerance was the highest at position 20 and gradually decreased as the position 
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become closer to position 6, where the mismatch tolerance was lowest. From 

position 6, the mismatch tolerance gradually increased as the position become 

closer to the PAM and the mismatch tolerance of position 1 become similar to 

the tolerance of positions 11 and 10. Previously, the PAM-proximal half of the 

protospacer sequence has been suggested to be generally more sensitive to 

mismatches50, 55, 56. Here, our high-throughput analysis in human cells has now 

clearly shown that positions 1 – 3, the most proximal region to the PAM, is less 

sensitive to mismatches than positions 4 – 7. An extensive and careful search of 

the literature revealed that similar findings for SpCas9 were observed at 

endogenous sites in human cells using GUIDE-seq; mismatches at positions 1 – 

4 were better tolerated than those at positions 5 – 854.  

We then determined whether the type of mismatch affects activities at 

mismatched target sequences. In the region spanning positions 1 - 19, wobble 

transition mismatches resulted in higher xCas9-, SpCas9-NG-, and 

SpCas9-induced indel frequencies compared to non-wobble transition or 

transversion mismatches (Fig. 12c, d), which is compatible with results from 

previous high-throughput analyses of Cas12a15 and GUIDE-seq analyses of 

SpCas954. In these mismatch type-specific comparisons of Cas9 activities, 

xCas9 induced significantly lower indel frequencies than SpCas9-NG or 

SpCas9 at mismatched target sequences, suggesting that xCas9 is less tolerant 

than SpCas9-NG and SpCas9 of any type of mismatch. However, similar 

findings were not observed for wobble transitions at position 20, in which 

mismatches barely decreased indel frequencies induced by any of the three Cas9 

nucleases (Fig. 12e). In the case of transversion mismatches at position 20, 

xCas9 showed slightly, albeit significantly, lower tolerance than SpCas9-NG or 

SpCas9. Next, we analyzed the relationship between Cas9 activity and the 

number of mismatched bases and found that a higher number of mismatched 

bases decreased relative indel frequencies for all three Cas9 nucleases (Fig. 12f). 

In this analysis, we found that the relative xCas9-induced indel frequencies 
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normalized to those at matched target sequences were significantly lower than 

those induced by SpCas9 or SpCas9-NG, corroborating that xCas9 is more 

specific than the other two nucleases.  

We next evaluated xCas9, SpCas9-NG, and SpCas9 activity at non-NGG 

PAM-containing eight target sequences with one-base mismatches (Fig. 12g). 

Mismatches at position 17 reduced the relative indel frequency normalized to 

that at fully-matched target sequences significantly more in the xCas9 group as 

compared to the SpCas9-NG and SpCas9 groups, suggesting that xCas9 is more 

specific at sites containing non-NGG PAM sequences as well as at those 

containing NGG PAM sequences. Similar analysis showed that mismatches at 

position 3 almost completely eliminated xCas9 activity, which was significantly 

lower than that of SpCas9 and SpCas9-NG at such mismatched sites, 

corroborating the high fidelity of xCas9. 

 

6. Deep learning-based models predicting AsCas12a activities 

First, we developed program with significantly improved accuracy for 

predicting AsCpf1, also called AsCas12a, activity at endogenous target sites. We 

obtained large-scale data sets of AsCas12a activity at 16,292 (experiment A) 

and 2,963 (experiment B) lentivirally integrated target sequences using the 

previously reported high-throughput method in HEK293T cells15. The 

high-throughput experiments A and B led to the generation of data sets HT 1 

and HT 2, respectively, which consist of target sequence compositions and 

corresponding indel frequencies. Data set HT 1 was split into data sets HT 1-1 

(n = 15,000) and HT 1-2 (n = 1,292) by random sampling. 

To build the Seq-deepCpf1, a deep learning-based regression model that 

predicts AsCas12a activity based on target sequence composition, we used an 

end-to-end deep learning framework based on a convolutional neural network 

(CNN) (Fig. 13a). We performed nested cross-validation (CV) with data set HT 

1-1 to evaluate the generalization performance of model selection and training 
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of Seq-deepCpf1. We found that 34 bp was adequate as the input target 

sequence (Fig. 14). 

 

 

Figure 13. Deep learning outperforms conventional machine learning for the 

task of predicting Cas12a activity based on the target sequence composition. (a) 

Schematic representation of deep learning for the target sequence-dependent 

Cas12a activity prediction. (b) Nested cross-validation of Cas12a activity 

prediction models trained on different sizes of data sets. Each point represents 

the averaged result of 10 outer folds. The Spearman correlation coefficients 

between experimentally obtained indel frequencies and predicted scores from 

Seq-deepCpf1 and other conventional machine learning approaches are plotted 

for six different training data set sizes. For the sake of clarity, results from 

statistical significance testing are shown only between the best model and the 

two next-best models (Seq-deepCpf1 v.s. L1L2 regression, ****p = 6.5 × 10-6; 
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Seq-deepCpf1 v.s. L2 regression, ****p = 5.5 × 10−6; Steiger’s test). (c) 

Performance comparison of prediction models. For three independent test data 

sets (HT 1-2, HT 2, HT 3), the Spearman correlation coefficients between 

measured indel frequencies and predicted Cas12a activity scores are shown. For 

the sake of clarity, results from statistical significance testing are shown only for 

the pair of the best and the next-best models (left to right; *p = 0.015, *p = 

0.026, and NS = not significant; Steiger’s test). Error bars represent 95% 

confidence intervals. 
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Figure 14. Nested cross validation-based determination of the proper length of 

the input target sequence for Seq-deepCpf1. (a) Candidate lengths for the input 

target sequence. An example of a target sequence is shown. The red sequence 

(TTTG) represents the TTTV protospacer adjacent motif (PAM). The blue 

(GTA…ATG) and green (GTC) sequences indicate the protospacer; the blue 

region can bind the 20 nucleotide guide sequence of the crRNA, whereas the 

green region does not form a heteroduplex with crRNA. (b) Nested 

cross-validation (i.e., 10-fold outer cross-validation and 5-fold inner 

cross-validation) of Seq-deepCpf1 trained on HT 1-1 (n = 15,000 indel 

frequencies at independent target sequences) with different input target 



54 
 

sequence lengths. Each dot represents the Spearman correlation coefficient 

between the measured indel frequencies and the predicted scores from 10-fold 

outer cross-validation (total n = 10 correlation coefficients). Target sequence 

lengths of 34 bp and 50 bp showed the best performance. Of the two, 34 bp was 

chosen for the final input target sequence length because it led to a simpler 

model with a smaller number of parameters, reducing the possibility of potential 

overfitting. Each column of the plot shows the distribution of the coefficients 

using a standard box plot. In the boxes, the top, middle, and bottom lines 

represent the 25th, 50th, and 75th percentiles, respectively, and whiskers show 

the 10th and 90th percentiles. 

 

 

As the size of training data for the CV increased, the average Spearman 

correlation coefficients between experimentally obtained indel frequencies and 

predicted scores from Seq-deepCpf1 steadily increased up to 0.75 (Fig. 13b). 

When compared to conventional machine learning algorithms that performed 

best in the current state-of-the-art approaches for Cas9 activity prediction, such 

as L1-regularized linear regression, L2-regularized linear regression, 

L1L2-regularized linear regression, and gradient-boosted regression trees 

(Boosted RT)20, and an algorithm that was previously used for Cas12a activity 

prediction, i.e. logistic regression classifier (CINDEL)15, the Spearman 

correlation of Seq-deepCpf1 in the CV was significantly higher than those of 

these conventional machine learning-based algorithms, especially when the 

training data size was sufficiently high (v.s. L1L2 regression, p = 6.5 × 10-6; v.s. 

L2 regression, p = 5.5 × 10−6). One of the reasons why CINDEL showed the 

worst performance is at least partly because CINDEL is a classification model, 

which leads to loss of detailed information during the modeling. Notable 

features for the L1- and L1L2-regularized linear regression models are shown in 

Fig. 15. Furthermore, when these algorithms were evaluated using three 
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different test data sets of AsCas12a activity (HT 1-2, HT 2, HT 3) that were 

never used during the training, the Spearman correlations of Seq-deepCpf1 were 

significantly higher than those of the conventional machine learning-based 

algorithms (Fig. 13c). Taken together, these results suggest that deep learning 

outperforms these conventional machine learning methods for the prediction of 

AsCas12a activity based on target sequence composition.  

 

 

Figure 15. Important features for L1- and L1L2-regularized linear regression 

models. (a) Position numbers in terms of a 34 bp target sequence are shown to 

indicate position-dependent features. (b, c) Features that have weights greater 

than 0.02 in absolute values from the trained (b) L1- and (c) L1L2-regularized 

linear regression models. Position-independent features are represented only 
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with the nucleotide and dinucleotide types (e.g. TT), and position-dependent 

features are represented with the nucleotide and dinucleotide types followed by 

position numbers (e.g. T-1). Other features are represented with simple 

descriptions (e.g. GC count). Among the features, “T-1” has the highest absolute 

weight value in both the L1- and L1L2-regularized linear regression models. 

The “T-1” feature had a negative weight value, which is in line with our 

previous finding that indel frequencies were very low when we used TTTT as 

the PAM8. 

 

 

We previously found that Cas12a activities at endogenous sites are affected 

by chromatin accessibility as well as target sequence composition15. Thus, 

consideration of chromatin accessibility would substantially improve the 

accuracy of nuclease activity prediction57. For this purpose, we prepared three 

independent data sets of AsCas12a activities at endogenous sites in two 

different cell lines, i.e. HEK293T and HCT116 (data sets HEK-lenti, 

HEK-plasmid, and HCT-plasmid). We obtained binary chromatin accessibility 

information for these cell lines from the Encyclopedia of DNA elements58. We 

fine-tuned Seq-deepCpf1 using data set HEK-lenti and the binary chromatin 

accessibility information, leading to the development of DeepCpf1 (Fig. 16).  
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Figure 16. Overview of DeepCpf1. DeepCpf1 is constructed by fine-tuning the 

Seq-deepCpf1 model based on chromatin accessibility information. In the 

DeepCpf1 model, we adopted an additional chromatin accessibility integration 

layer right before the regression output layer, which incorporates the sequence 

representations with the chromatin accessibility of the target sequence. 

DeepCpf1 uses another fully connected layer with 40 units to transform the 

1-dimensional binary chromatin accessibility input to a 40-dimensional real 

vector, which matches the output shape of the last fully connected layer. Then, it 
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integrates the 40-dimensional chromatin accessibility and sequence 

representation vectors by performing element-wise multiplication. The 

computational processes shared with Seq-deepCpf1 are indicated with the green 

colored background.  

 

 

When evaluated using data sets HEK-plasmid and HCT-plasmid as test data 

sets, DeepCpf1 showed substantially improved performance compared to other 

models, reaching Spearman correlations of 0.87 and 0.77, respectively, and 

AUCs (of ROC) of 0.89 and 0.91, respectively. (Fig. 17a-c). To our knowledge 

this is the highest prediction accuracy achieved for any targeted nuclease. We 

also evaluated DeepCpf1 using other published data sets of different studies 

from independent laboratories (Kleinstiver 201659, Chari 201734, and Kim 

201616) as test data and found that Spearman correlations were 0.61, 0.70, and 

0.79, respectively (Fig. 17d), suggesting excellent generalization performance.  

Furthermore, we also fine-tuned Seq-deepCpf1 with different training data 

sets such as data set HEK-plasmid or HCT-plasmid, developing 

DeepCpf1-HEK-plasmid and DeepCpf1-HCT-plasmid, respectively. When 

these models were tested with the five independent data sets of AsCas12a 

activity at endogenous sites (lacking their respective training data set 

HEK-plasmid or HCT-plasmid), both models showed high Spearman 

correlations ranging between 0.60 – 0.83 (Fig. 17d), indicating that such 

fine-tuning is a reliable and effective approach for improving AsCas12a activity 

prediction at endogenous sites.  
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Figure 17. Consideration of chromatin accessibility significantly improves the 

prediction of Cas12a activities at endogenous target sites. (a) Performance 

comparison of DeepCpf1 with other prediction models in HEK293T cells (left, 

n = 55 independent target sites) and HCT116 cells (right, n = 66 independent 

target sites). The bar graph shows Spearman correlations between measured 

indel frequencies and predicted activity scores. For the sake of clarity, results 

from statistical significance testing are shown only for the DeepCpf1 versus 

Seq-deepCpf1 and DeepCpf1 versus next-best models (left to right; *p = 0.041, 

**p = 0.003, *p = 0.031, and **p = 0.005; Steiger’s test). Error bars represent 

95% confidence intervals. (b, c) Correlation between DeepCpf1 prediction 
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scores and measured indel frequency ranks at endogenous target sites in 

HEK293T cells (b, n = 55 independent target sites) and HCT116 cells (c, n = 66 

independent target sites). The Spearman correlations (r) and p values (p) 

obtained using the “Student’s” t-test with n-2 degrees of freedom are shown. (d) 

Heat map of Spearman correlation coefficients between different models and 

data sets. The test data sets are arranged vertically, whereas the prediction 

models are placed horizontally. Shown in parentheses are the number of 

analyzed target sites, methods for AsCas12a and guide RNA delivery, and the 

used cell line. Each cross-hatched box represents Spearman correlations of a 

model evaluated against a test data set that includes its own training data set. 

 

 

Furthermore, as a control approach, we also fine-tuned Seq-deepCpf1 using 

data set HEK-lenti, HEK-plasmid, or HCT-plasmid without considering 

chromatin accessibility; these three models, termed WOC (Without chromatin 

accessibility information)-deepCpf1-HEK-lenti, -HEK-plasmid, and 

-HCT-plasmid, performed similarly to Seq-deepCpf1 (Fig. 18), corroborating 

that consideration of chromatin accessibility is essential to improve the 

accuracy of AsCas12a activity prediction. 
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Figure 18. Performance comparison of Seq-deepCpf1 and WOC (Without 

chromatin accessibility)-deepCpf1. WOC-deepCpf1-HEK- lenti, -HEK-plasmid, 

and -HCT-plasmid models were developed by fined-tuning the Seq-deepCpf1 

model using data sets HEK-lenti, HEK-plasmid, and HCT-plasmid, respectively, 

without chromatin accessibility information. Data sets HEK-lenti, HEK-plasmid, 

and HCT-plasmid are independent endogenous indel frequency data sets; the 

number of analyzed target sites are shown in parentheses.  

 

 

7. Deep learning-based models predicting xCas9, and SpCas9 activities 

Because of the complex, graduated relationship between xCas9 and SpCas9-NG 

activities and the PAM sequences at the target sites, it can sometimes be 

difficult to find target sequences at which xCas9 or SpCas9-NG activity will be 

sufficient for genome editing. Thus, using the xCas9 and SpCas9-NG activity 

data sets obtained in this study, we developed deep learning-based 

computational models named DeepxCas9 and DeepSpCas9-NG that predict 

xCas9 and SpCas9-NG activities, respectively, at given target sequences (Figs. 
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19a and 20). We evaluated DeepxCas9 using xCas9-Endo and 

xCas9-HCT116-Endo, data sets of xCas9-induced indel frequencies at 

endogenous sites in HEK293T cells and in HCT116 cells, respectively, as test 

data sets. We found that DeepxCas9 showed excellent performance in predicting 

xCas9 activity, reaching a Spearman correlation coefficient of 0.87 and 0.83 

(Fig. 19b, c). Similarly, DeepSpCas9-NG also showed good performance in 

predicting SpCas9-NG activity, showing a Spearman correlation coefficient of 

0.57 when evaluated using SpCas9-NG-HCT116-Endo, a data set of 

SpCas9-NG-induced indel frequencies at endogenous sites in HCT116 cells that 

includes 16 sites with PAM sequences newly found in this study, as a test data 

set (Fig. 19d). We also evaluated DeepxCas9 and DeepSpCas9-NG using 

published data sets from independent studies14, 41 and observed Spearman 

correlations of 0.84 and 0.79 for DeepxCas9 (Fig. 19e, f) and 0.61 for 

DeepSpCas9-NG (Fig. 19g), suggesting high generalization performances of 

DeepxCas9 and DeepSpCas9-NG. A representative previous model predicting 

SpCas9 activity, Rule Set 220, showed relatively poor performance in predicting 

xCas9 and SpCas9-NG activities (Figs. 21 and 22). We provide DeepxCas9 and 

DeepSpCas9-NG as web tools at http://deepcrispr.info/DeepxCas9 and 

http://deepcrispr.info/DeepSpCas9-NG, respectively.  
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Figure 19. Development and evaluation of computational models, DeepxCas9 

and DeepSpCas9-NG, that predict xCas9 and SpCas9-NG activity, respectively. 

(a) Schematic representation of deep learning for predicting xCas9 and 

SpCas9-NG activity based on the target sequence composition. (b-d) Evaluation 

of DeepxCas9 (b, c) and DeepSpCas9-NG (d) using data sets of indel 

frequencies at endogenous sites. Scatter plots of measured and predicted 

activities are shown. The test data sets were generated in HEK293T cells (b, the 

number of target sites n = 78) and HCT116 cells (c, n = 60; d, n = 44). The 
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Spearman correlation coefficient (R) is shown. (e - g) Evaluation of DeepxCas9 

(e, f) and DeepSpCas9-NG (g) using published data sets from ref. 14 (f) and 22 

(e, g). Scatter plots of measured and predicted activities at the target sites after 

delivery of xCas9 (e, the number of target sites n = 20; f, n = 69) or SpCas9-NG 

(g, n = 69) in HEK293T cells. The Spearman correlation coefficients (R) are 

shown.  

 

 

 

Figure 20. Overview of DeepxCas9 and DeepSpCas9-NG development. 

DeepxCas9 and DeepSpCas9-NG are based on a deep learning framework using 

robust convolutional neural networks (CNNs). DeepxCas9 and 

DeepSpCas9-NG development involved the following steps. (1) 30 base pair 

(bp) input sequences that included the target and neighboring sequences were 

converted into a four-dimensional binary matrix. (2) A total of 450 filters for 

each model (180, 150, and 120 filters at 4, 6, and 8 nts in length, for both 

DeepxCas9 and DeepSpCas9-NG) were shifted through the four-dimensional 
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binary matrix to determine the position weight matrices. We pooled the average 

values from the local features calculated from the previous convolution layer to 

“pool out” those that were informative. (3) Pooled features were then combined 

according to the weighted sum and rectified linear unit (ReLU) non-linear 

function in the fully connected layers. (4) The output layer performs linear 

regression and predicts the activity score for each xCas9 or SpCas9-NG guide 

RNA. 

 

 

 

Figure 21. Performance comparison of DeepxCas9, DeepSpCas9-NG, and Rule 

Set 2 for predicting xCas9 activities at endogenous sites with an NGG PAM. 

The scatter plots represent the correlation between measured indel frequencies 

at endogenous target sites with NGG PAM sequences in HEK293T cells (a, c, e; 

test data set = xCas9-Endo-NGG; n = 35) or HEK293FT cells (b, d, f; test data 



66 
 

set = Nishimasu 2018-NGG (xCas9 (3.7)); n = 17) and activities predicted by 

DeepxCas9 (a, b), DeepSpCas9-NG (c, d), or Rule Set 2 (e, f). The Spearman 

correlation coefficients (R) are shown. 

 

 

 

Figure 22. Performance comparison of DeepxCas9, DeepSpCas9-NG, and Rule 

Set 2 for predicting SpCas9-NG activities at endogenous sites with an NGG 

PAM. The scatter plots represent the correlation between measured indel 

frequencies at endogenous target sites with NGG PAM sequences in HEK293FT 

cells (Nishimasu 2018-NGG (SpCas9-NG)); n = 17) and activities predicted by 

DeepxCas9 (a), DeepSpCas9-NG (b), or Rule Set 2 (c). The Spearman 

correlation coefficients (R) are shown. 
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IV. DISCUSSION 

 

Here we extensively compared the optimal sgRNA expression formats, PAM 

sequences, and nuclease activities at mismatched target sequences for xCas9, 

SpCas9-NG, and SpCas9 using a high-throughput approach in human cells. 

Similar high-throughput approaches have recently been adopted to determine 

SpCas9-induced mutation patterns, but not SpCas9 activities,60-62 and SaCas9 

(Cas9 from Staphylococcus aureus) activities63. Although the initial studies of 

xCas9 and SpCas9-NG used target sequences with a G at the 5’ end, this 

limitation restricts targetable sites to roughly one-fourth of the possible total. 

Furthermore, although SpCas9 has been used for more than five years for 

genome editing1, 3-6, it has not been clear whether either (G/g)N19 or (G/g)N20 

sgRNAs should be used for efficient SpCas9-mediated genome editing. Based 

on results described in this manuscript, we suggest using (G/g)N19 sgRNAs for 

U6-driven expression for the three Cas9 nucleases, regardless of target sequence 

composition. Alternatively, perfectly matched N20 sgRNAs without an extra or 

mismatched G can be produced by cleavage of the extra G, induced by tRNAs48 

or ribozymes47 encoded by sequences added to the sgRNA.    

We identified novel PAM sequences and fine-tuned our understanding of 

PAM sequences for the three Cas9 nucleases in human cells in a quantitative 

manner. Effective PAM sequences for these nucleases can be generally 

summarized as follows: for xCas9: NG(A/G/T), (G/C)AG, and (G/C/T)GCC; 

for SpCas9-NG: N(A/G), NTG, GT(A/C/T), (A/G/C)CG(A/G/T), and 

TCG(A/G/T)G; for SpCas9: N(A/G)G, NGA, GGT, (G/C/T)GC, (A/G)TG, and 

N(C/T)GG. In addition, 22 and 14 complex and harder-to-categorize 

five-nucleotide sequences function as PAMs for xCas9 and SpCas9, respectively. 

Many, but not all, of the novel PAMs could be explained as the result of shifting 

of core PAM sequences64-66. In the case of SpCas9, GGN and NNGG represent 

one base pair-shifting of NGG to the left and right, respectively, and were all 
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PAMs. In the case of SpCas9-NG, among GN (one base pair-shifting of NG to 

the left) sequences, GA, GT, GCG(A/G/T), and GG were PAMs; among NNG 

(one base pair-shifting of NG to the right) sequences, NTG, NAG, 

(A/G/C)CG(A/G/T), TCG(A/G/T)G, and NGG were PAMs. Some novel PAMs 

such as (C/T)GC and (A/G)TG for SpCas9, and NA(C/T/A) for SpCas9-NG, 

cannot be explained using core PAM shifting. Although our study represents a 

much more extensive investigation into PAM compatibilities than those from 

previous studies, we cannot rule out the possibility that the observed PAM 

compatibilities in our study can vary slightly under different, untested 

experimental settings, especially for very weak PAMs that exhibit borderline 

indel frequency (5% indel frequency cutoff) in our study and those with a 

limited number of analyzed protospacer sequences. Taken together, our results 

indicate that SpCas9-NG has the broadest PAM compatibility, as determined by 

counting PAMs associated with indel frequencies higher than 5 or 10% at three 

days after lentiviral delivery of the three Cas9 nucleases. Other previously 

reported SpCas9 variants showed either different PAM compatibilities12 or 

higher fidelities67-71 as compared to wild-type SpCas9, whereas xCas9 exhibits 

both features. A high fidelity version of SpCas9-NG is available41, although we 

did not test this variant in the current study.  

We adopted the deep learning methods to the genome editing field by 

developing DeepCpf1. We found that deep learning outperforms shallow 

learning if sufficient data are provided and if the algorithm is properly trained; 

furthermore, consideration of chromatin accessibility significantly improves 

prediction accuracy. DeepCpf1 showed unprecedentedly high accuracy in 

predicting programmable nuclease activity at endogenous target sites and 

should greatly facilitate genome editing using AsCas12a.  

DeepxCas9 and DeepSpCas9-NG are the first computational models for 

predicting the activity of Cas9 variants with graduated and complex PAM 

compatibility. When PAM compatibility is complex, the manual design of target 
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sequences is difficult. DeepxCas9 and DeepSpCas9-NG find target sequences 

and predict xCas9 and SpCas9-NG activities, respectively, with high accuracy. 

DeepxCas9 and DeepSpCas9-NG, together with the other practical and useful 

information provided with compelling evidence in this study, should greatly 

facilitate genome editing using xCas9 and SpCas9-NG as well as SpCas9.  
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V. CONCLUSION 

 

Lack of information about xCas9, SpCas9-NG, SpCas9, and AsCas12a, especially 

regarding the relationship between target sequence composition and activity 

profiles in mammalian cells, have greatly limited the genome editing using them. 

In this study, we developed the high-throughput methods to evaluate 

CRISPR-Cas9 and Cas12a activities and profiled xCas9, SpCas9-NG, SpCas9 and 

AsCas12a activities at matched and mismatched target sequences. We clearly 

determined the optimized sgRNA expression format for efficient xCas9, 

SpCas9-NG, and SpCas9 mediated genome editing. An extensive and careful 

analysis of PAMs reveals the novel PAM sequences for SpCas9-NG and SpCas9, 

lead to the expansion of targetable sites in the human genome. Furthermore, we 

built three deep learning based algorithms, named DeepCpf1, DeepxCas9, and 

DeepSpCas9-NG, that accurately predict the activities of AsCas12a, xCas9, and 

SpCas9-NG, respectively. The practical and useful information provided in this 

study would greatly facilitate genome editing using AsCas12a, xCas9, SpCas9-NG, 

as well as SpCas9. 
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ABSTRACT(IN KOREAN) 

CRISPR 유전자가위의 효율을 대량으로 측정하는 방법의 개발 

및 활용 

 

< 지도교수   김 형 범 > 

 

연세대학교 대학원 의과학과 

 

김 희 권 

 

최근 Streptococcus pyogenes 유래 Cas9 유전자가위 (SpCas9)에 돌

연변이를 도입하여 PAM 적합성을 확장한 변이체인 xCas9과 

SpCas9-NG 유전자가위가 개발되었다. 그러나 xCas9과 

SpCas9-NG 유전자가위들의 PAM 적합성은 인간세포에서 면밀히 

조사되지 않았다. 이 연구에서 우리는 유전자가위 활성을 대량

으로 평가하는 방법을 개발하여 xCas9, SpCas9-NG, 그리고 

SpCas9의 활성을 비교했다. 가이드RNA를 U6 프로모터를 이용

해 발현시키는 조건에서, 유전자가위의 활성은 5’ 말단에 구아노

신 뉴클레오타이드를 추가한 20-뉴클레오타이드 길이의 Spacer 

염기서열을 사용할 때 가장 높은 효율을 나타냈다. 또한 xCas9, 

SpCas9-NG, 그리고 SpCas9의 인간세포에서의 PAM 적합성을 정

량적으로 비교 분석하였으며, 이를 통해 이전까지 알려지지 않

았던 새로운 PAM 염기서열을 발견하였다. 세 유전자가위들 중 

SpCas9-NG 유전자가위의 PAM 적합성이 가장 넓었다. 또한 우

리는 다른 유전자가위들에 비해 더 높거나 낮은 활성을 나타내

는 몇 가지 PAM을 관찰하였고, 이를 통해 PAM 적합성이 단계



79 
 

적 변화를 보임을 확인하였다. 이러한 결과를 바탕으로, 우리는 

이전까지 유전자가위로 교정할 수 없다고 여겨진, 새로운 PAM 

염기서열을 포함한 6개의 질병관련 인간유전자를 SpCas9-NG와 

SpCas9 유전자가위를 이용해 교정했다. 다음으로, 세 가지 유전

자가위의 활성을 가이드RNA와 불일치하는 염기서열을 가진 대

상염기서열에서 비교하였다. xCas9 유전자가위가 다른 유전자가

위들 보다 더 특이적으로 유전자교정이 가능함을 밝혔으며, 세 

유전자가위의 교정 특이성에 중요한 염기서열의 위치가 4번에서 

7번 위치임을 발견했다. 다음으로, 대량 측정 방법을 이용해 얻

은 유전자가위 활성 정보를 딥 러닝 기법으로 학습하여 

AsCas12a, xCas9, 그리고 SpCas9-NG의 활성을 정확하게 예측하

는 컴퓨터 프로그램 DeepCpf1, DeepxCas9, 그리고 DeepSpCas9 

-NG 를 제작하였다. 유전자가위들의 비교분석을 통해 밝힌 정

보들과 유전자가위 활성을 예측하는 프로그램들은 AsCas12a, 

xCas9, SpCas9-NG, 그리고 SpCas9 유전자가위를 이용한 인간 유

전자교정을 용이하게 할 것이다.  

 
 
 
 
 
 
 
 

---------------------------------------------------------------------------------------- 

핵심되는 말: 생물공학기술, 분자생물학, 유전자교정, CRISPR- 

Cas 시스템, 기계학습, 딥 러닝 
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